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Abstract

We apply technical analysis (TA) in the Brazilian stock market using four chart patterns

widely employed by traders. Tests combine a large sample (up to 191 assets) and a long time

interval (2004-2014). The goal is to test the quality of chart patterns for price prediction,

therefore endorsing them as useful tools for trading. Results highlight the quality of Inverse

Head-and-Shoulders (IHS) and Double Tops (DTOP) patterns to systematically deliver pos-

itive returns, with higher returns being obtained using longer trading windows. In addition,

Monte Carlo Simulations (MC) present a clear tendency of TA to overcome the natural path

of the stock prices. MC analysis (based on volatility modelled with GARCH) shows that

IHS and DTOP generate returns above the 50th percentile of MC simulated returns in at

least 60% of the trading operations. These results show chart patterns capacity to generate

positive returns in the long run.

Keywords: Technical Analysis, Chart Patterns, Monte Carlo Simulation.
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1 Introduction and Literature Review

Technical analysis (TA) is the study of past market data, mainly price and volume data,

in order to make trading or investing decisions. According to Menkhoff and Taylor (2007),

TA involves predicting future prices based on past price analysis, using qualitative methods

(recognition of certain patterns in price charts through visual inspection) or quantitative

techniques (based on moving averages, indicators), or a combination of both. Edwards,

Magee, and Bassetti (2007) list some of the basic TA assumptions:

• Stock prices are determined solely by the interaction between demand and supply;

• Stock prices tend to move in trends;

• Shifts in demand and supply cause reversals in trends;

• Shifts in demand and supply can be detected in charts; and

• Chart patterns tend to repeat themselves.

Kirkpatrick II and Dahlquist (2010) claim that technical analysts believe the market is

“always correct”; in other words, all information about a company is reflected in the price of

this company’s stock. In this way, all information the analyst needs is contained in the stock

chart. Menkhoff and Taylor (2007) indicate the TA premise that price movements display

regular, recurring patterns. In addition, as a condition for TA profitability, these patterns

must last long enough, first to be recognized, and second to make up for transaction costs

and false signals.

Given these TA assumptions, the skepticism of the academic community towards TA is

frequently emphasized and remains based on some arguments. Two stand out: the Random

Walk Hypothesis (RWH) and the Efficient Markets Hypothesis (EMH).

A random walk occurs when future steps cannot be predicted by observing past steps.

It is a mathematical formalization of a path that consists of a succession of random steps.

In finance, RWH implies that stock prices follow a random and unpredictable path. In this
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sense, in the long run it is impossible to outperform the market without assuming additional

risk. Nevertheless, even if one outperforms the market in a specific moment, this excess

return tends to be diluted over time.

Fama (1970) conceptualized an efficient market as a market in which prices always “fully

reflect” available information. Later, Jensen (1978) subdivided EMH into three types:

1. Weak efficiency form: all information contained in past price movements is fully re-

flected in current prices. Thus, information on recent trends in stock prices is not

useful to select them;

2. Semi-strong efficiency form: current market prices reflect all publicly available infor-

mation. Therefore, any abnormal return can be gained by analysing actions, since

all hold the same information. However, people with access to privileged information

(insiders) can obtain excessive returns;

3. Strong form: market prices reflect all available information, whether public or private.

As a result of EMH, if current prices fully reflect all information, then the market price of

a security will be a good estimate of its intrinsic value; consequently, no investment strategy

(such as TA) can be used to outperform the market (Kirkpatrick II and Dahlquist, 2010;

Gitman, 2010).

Moreover, Fama’s (1970) and Jensen’s (1978) arguments help to sustain a resistance

against TA inside the academic environment. A variety of factors supports this resistance,

such as:

• The acceptance of Efficient Market Hypothesis under its weak form, which implies the

impossibility of obtaining gains in the market using only the information currently

available (such as past price trends);

• The overall acceptance of the Random Walk Hypothesis;

• Studies that found negative empirical results in Technical Analysis (Fama and Blume,

1966; Allen and Karjalainen, 1999); and
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• Many studies related to TA do not consider risk or the opportunity cost, in addition

to the absence of scientific measurement procedures.

However, even considering theoretical criticisms following the random walk and efficient

market assumptions, TA has a long history among investment professionals (Taylor and

Allen, 1992; Neely and Weller, 1999). Many studies tried to show that past price data

can predict future price movements. Brock, Lakonishok, and LeBaron (1992) used 90 years

of daily data and the Dow Jones Industrial Average to show that some commonly used

technical trading rules would have delivered economically significant excess returns over long

periods. Moreover, Osler and Chang (1995) and Boainain and Pereira (2009) presented the

possibility of creating conditional strategies to employ the Head-and-Shoulders chart pattern

with positive returns, thus indicating that this pattern can create profitable strategies based

solely on past data.

Attempting to face this gap between academical proposals and market practices, this

article aims to bridge the gap between technical analysis and quantitative finance. Our goal

is to present results for a systematic and scientific approach based on TA, applied on the

long run (total of 11 years) and across a large number of securities in the Brazilian stock

market (sample up to 191 assets); sustained by four widely used chart patterns, we seek

to present a trading logic that is overall able to continuously generate excess returns over

time, therefore testing if chart patterns can predict price movements in a way to endorse the

use of TA on a daily basis. The chart patterns used are Head-and-Shoulders (HS), Inverse

Head-and-Shoulders (IHS), Double Tops (DTOP) and Double Bottoms (DBOT).

In this sense, our article aims to contribute to the current literature related to technical

analysis and chart patterns firstly by performing tests with a large sample (composed initially

by 47 assets in 2004 and reaching 191 assets in 2013 and 2014, as described later in subsection

3.1), which is uncommon specially for empirical tests in emergent markets such as Brazil.

Second, the length of time covered by the tests (2004-2014) is a differential as it allows the

tests to face extremely different market conditions over time (strong bear market conditions
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such as late 2008, growing intervals such as 2007 and 2009, and stable periods such as 2010).

Third, we expand the amount of patterns tested exploring four charts widely used in by

trading analysts (different from Osler and Chang (1995); Boainain and Pereira (2009), for

example, who tested only one pattern).

These three features combined highlight our results, avoiding the emphasis on one chart

pattern’s results or a specific market condition. Overall, to our knowledge, this article

differs from the previous literature due to these three features mentioned, allowing us to

demonstrate the quality of these figures to generate excess returns.

Besides, the use of Monte Carlo simulation (MC) strongly supports the idea towards

the capacity of TA to systematically beat the market in the long run. Results presented in

section 3 show that chart patterns tend to generate higher returns as the trading window

increases from 10 to 40 trading days (specially for IHS and DTOP charts). In addition,

an analysis of the returns using MC demonstrates the quality specially of IHS and DTOP

patterns, whose returns are considerably good (with realized returns being above the 50th

percentile of MC simulated returns in at least 60% of the trading operations). These results

demonstrate clear benefits of using chart patterns and technical analysis in the stock market.

This article is divided as follows: section 2 describes methodological aspects related to

technical analysis (subsection 2.1) and the MC simulation method (2.2); section 3 presents

the database used (3.1), a description of the tests (3.2) and the results (3.3 and 3.4); and

section 4 presents the main conclusions.

2 Methodological Aspects

In this section we address methodological aspects of the research, briefly describing the

trading techniques based on the four chart patterns applied in this article (2.1), along with

the Monte Carlo methodology used to evaluate our results (2.2).
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2.1 Definitions of Technical Patterns

In this article, we use four of the most popular chart patterns: Head-and-Shoulders (HS),

Inverse Head-and-Shoulders (IHS), Double Tops (DTOP) and Double Bottoms (DBOT).

The criteria for identification of chart patterns are the same from Lo, Mamaysky, and Wang

(2000) classical TA research. Similarly to their work, we consider the price history (Pt) and

identify n local extremes (these being local maximum and minimum points of Pt). After, we

denote the n extremes as M1, M2, ...Mn, considering t1, t2, ... tn as the dates on which these

extremes occur. With these definitions, we can follow identification rules for each one of the

chosen patterns.

2.1.1 Patterns 1 and 2: Head-and-Shoulders (HS) and Inverse Head-and-Shoul-

ders (IHS). HS and IHS are identified through a sequence of five consecutive local extremes:

M1, ...M5. This graph formation must meet the following rules:

• Head-and-Shoulders:

- M1 is a maximum;

- M3 > M1, M3 > M5;

- M1 and M5 are within 1.5% of their average; and

- M2 and M4 are within 1.5% of their average.

• Inverse Head-and-Shoulders:

- M1 is a minimum;

- M3 < M1, M3 < M5;

- M1 and M5 are within 1.5% of their average; and

- M2 and M4 are within 1.5% of their average.

For both figures, five local extremes are necessary. For HS pattern, this necessity is

derived from the geometric formalization of the pattern: three peaks, with the middle peak

higher than the other two. Consequently, we will have a sequence of five local extremes:
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maximum, minimum, highest maximum, minimum, and maximum, as we can better see in

Figure 1 – Graph (a). IHS pattern is simply the mirror image of HS, with the local extreme

being a minimum, as shown in Figure 1 – Graph (b).

Figure 1. Head-and-Shoulders (HS), Inverse Head-and-Shoulders (IHS), Double Tops

(DTOP) and Double Bottoms (DBOT) patterns. The x-axis of the graphs represents stock prices

and the y-axis the time. This figure presents examples extracted from Bulkowski (2011) of the above chart

patterns.

Once one of these patterns is identified, we open a short operation for the HS figure when

the stock price falls below M5. In a similarly way, we open a long operation for the IHS

pattern when the stock price rises above M5.

2.1.2 Patterns 3 and 4: Double Tops (DTOP) and Double Bottoms (DBOT).

DTOP and DBOT are identified through an initial local extreme M1 and subsequent local
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extremes Ma and Mb. The following criterion must be observed:

Ma
∼= sup(Ptk : tk > t1, k = 2, ... n) (1)

Mb
∼= inf(Ptk : tk > t1, k = 2, ... n) (2)

In addition, the following rules must also be met to identify these two graphic formations:

• Double Tops:

- M1 is a maximum;

- M1 and Ma are within 1.5% of their average; and

- ta - t1 > 22.

• Double Bottoms:

- M1 is a minimum;

- M1 and Mb are within 1.5% of their average; and

- ta - t1 > 22.

After identifying one of these patterns, we open a short operation for the DTOP chart

when the stock price falls below Mb. In a similarly way, for the DBOT chart, we open a long

operation when the stock price rises above Ma – see Figure 1: Graphs (c) and (d).

2.2 Inputs for Monte Carlo Simulation

Using Monte Carlo Simulation (MC) involves, first of all, an analysis of the random walk

assumptions and the volatility of a price series. According to Fama (1995), the random walk

hypothesis casts serious doubt on many other methods that seek to describe and predict

stock prices behaviour (such as technical analysis, which is a method considerably popular

outside the academic world). Mathematically, a random walk is a process in which the
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current value of a variable is composed of its past value plus an error term (white noise).

yt = yt−1 + εt (3)

This sort of process implicates that the best prediction of y in t is its value in t − 1; in

another words, the process does not allow one to predict the change defined as yt − yt−1.

The reason for such implication is that the change of y is absolutely random; besides, it can

be shown that the mean of a random walk process is constant but its variance is not.

In practice, the presence of a random walk process makes the forecast process very simple

since all the future values yt + τ, ∀ τ > 0, is simply yt. Therefore, we considered in our MC

simulation that E[εt] = 0.

As pointed out by Lo and MacKinlay (1988), although traditional RWH restricts ε as

independent and identically distributed, there is evidence that financial time series possess

time-varying volatilities and deviate from normality. In order to address this issue, Bollerslev

(1986) introduces a generalization of heteroscedastic models to treat conditional variance

more adequately. These models are known as GARCH models. The GARCH (r, s) – an

extension of ARCH (r) – alters the conditional variance according to equation 4:

σ2
t = α0 +

r∑
i=1

αiε
2
t−1 +

s∑
i=1

βiσ
2
t−1 (4)

Therefore, attempting to meet Bollerslev’s (1986) propositions, we use a GARCH (1,1)

to model the returns’ volatility in our MC simulation.

Once standard deviation σ2
t is defined using GARCH methodology, a MC simulation of

J price series is computed through equation 5. MC methodology is straightforward, largely

applied in finance, price forecast and other similar problems (Boyle, 1977; Boyle, Broadie,

and Glasserman, 1997; Martens, 2001; Lux and Morales-Arias, 2010).

Pt,j = Pt−1,j × (1 + rmct,j) ∀ t = 0, 1, 2, ...L; j = 1, 2, ...J (5)
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For this equation, we shall consider that: L equals the number of days to forecast (in this

article, L equals 10, 20, 30 and 40 trading days, as explained later in section 3.2); P0,j equals

the starting price (P0,j = P0, ∀ j = 1, 2, ...J ; J is the total number of simulations computed);

in our study, P0,j is the stock price in the day the trading operation is started (i.e. the day

the asset is bought, or short sold); and rmct,j equals the daily return generated by MC.

rmct,j is computed by generating random numbers with normal inverse cumulative dis-

tribution function, so that we have rmct,s ∼ N(0, σ2
t ): MC daily return normally distributed

with mean zero and variance σ2
t . After generating J price series, the final step consists of

applying equation 6 to verify the cumulative return for each series j computed.

Retj = exp

[
log

(
PL,j

P0,j

)]
− 1 (6)

3 Empirical Tests

In this section, we first describe the database used (subsection 3.1) and how tests were

performed (3.2). Third and fourth subsections present descriptive statistics of the results

(3.3) and an analysis of the results using MC methodology (3.4).

3.1 Database

The database has assets’ daily adjusted close prices from Jan 02, 2004 to Dec 10, 2014.

Price historic series were obtained through software Economatica (a database widely used in

Brazilian financial researches). To compose the final database, we firstly downloaded prices

from 2004 to 2014 for all active assets in Dec 10, 2014 (total of 641 assets). In order to avoid

(at least partially) problems related to lack of liquidity, the next step was to analyse the

amount of daily observations for each asset per year; we then excluded all assets with less

than 98% of daily observations per year, in all of the 11 years (which resulted in a sample

with 272 assets).
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Finally, analysing each asset per year, assets were excluded if they presented more than

98% of daily observations in just one year in the sample; also, assets were excluded if they

started presenting more than 98% of daily observations in some year between 2004 and 2014,

and then stopped presenting at least 98% in a subsequent year. For example, on the one

hand, asset GETI3 presents more than 98% from 2007 to 2014, and for this reason is kept in

the sample in 2007-2014. On the other hand, asset ALPA4 presents more than 98% of daily

observations in 2006, 2007 and from 2010 to 2014; however, it does not have at least 98% in

2008 and 2009, and for this reason is excluded from the whole sample.

The final sample has 47 assets in 2004, 56 assets in 2005, 68 in 2006, 90 in 2007, 128 in

2008, 141 in 2009, 154 in 2010, 169 in 2011, 184 in 2012 and 191 in 2013 and 2014.

3.2 Description of the Tests

The constant development of new software technology provides the basis for solving

difficult financial problems. Papadamou and Stephanides (2007) point out Matlab’s vast

built-in mathematical and financial functionality; since this software has an interpreted and

compiled programming language combined with an independent platform, it is then a well

suited tool for financial application development. For this reason, we use Matlab to perform

all tests in this study, including the assembly of a mathematical routine through which chart

patterns are identified.

The tests deal with an individual analysis for each asset’s price series, in order to initially

locate peaks and valleys in the price series (local maximums and minimums). To do so, we

use the Matlab function “findpeaks.m”, freely provided by the software1.

From the use of this function, it arises the parameter Pd, which represents the minimal

distance allowed between consecutive peaks or valleys. There is no maximum distance. In

1The full description of this function is available on-line and will not be described here
(“http://www.mathworks.com/help/signal/ref/findpeaks.html”; last access in May 22, 2015). Basically,
peaks (or valleys) are identified through the analysis of first order difference information in the series, which
allows the location of points in which there is a direction change from upward to downward (or from down-
ward to upward).
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our study, tests were performed employing Pd = 5 and Pd = 10. These values mean that

consecutive peaks (or valleys) have a distance of at least 5 or 10 trading days. Tests with

Pd = 20 were also performed; however, they were discarded since the number of trading

operations became extremely short.

Once peaks’ and valleys’ locations are defined, the analysis involves the methodology

described in section 2, i.e. checking subsequent peaks and valleys to define if a figure is

formed and therefore to define buying and selling moments (or short selling and buying

moments).

Besides Pd, another parameter set for the tests is the size of the interval between start

and end of each trading operation. In our tests, this parameter (defined as L) equals 10, 20,

30 and 40 trading days (so, supposing a trading starts in day t+1, this trading will be ended

in day t+ L). Parameter L also defines the time window of historic prices used to calculate

GARCH volatility for each MC simulation – i.e. GARCH volatility will be computed with

price history from day t− L to day t.

3.3 Descriptive Results

Descriptive results for the returns of all trading operations are presented in Tables 1

and 2 and Figures 2, 3 and 4. Tables 1 and 2 (respectively, results for Pd = 05 and

Pd = 10) have descriptive statistics for returns, separated by chart pattern and trading

window length (parameter L). For each trading, final return is computed according to

equation 6, considering P0 as the starting price to buy the stock (or short selling) and PL as

the selling price (or buying price).

From Table 1, considering parameter Pd = 5, we can firstly notice the decrease in the

number of trading operations for the four chart patterns as the trading window grows from

10 to 40 days. On the other hand, the average return increases for HS, IHS and DTOP

charts when trading window enlarges, while it barely changes for DBOT chart. As a natural

consequence, as the average return increases, volatility of the returns also grows.
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Regarding minimum and maximum returns, we can notice extreme values specially in

some maximum returns (up to 900% in one specific case). This obviously represents out-

lier returns whose assets could be excluded from the sample, since outliers represent more

volatility and a greater lack of certainty that may not be desirable specially for risk-averse

traders. However, as mentioned earlier, our proposition here does not attempt to observe the

assets and their intrinsic characteristics (given by firm characteristics, industry-related risks,

and so on). Trading operations are purely based on price fluctuations, seeking to identity

and explore price movement patterns; for this reason, outlier returns are not excluded.

Furthermore, these extreme returns actually could have been achieved in practice by

following our trading logic and the proposition of using a larger sample. It can also be

highlighted the fact that minimum returns do not have such an extreme fall (while maximum

returns tend to increase along with larger trading windows). This suggests benefits of using

more days in the trading window, since gains can grow in more amplitude than losses. In

conclusion, it is a trader decision to define how to deal with the trade-off between risk and

return present in every stock market.

Table 2 presents results for Pd = 10, which have some differences em relation to the

results for Pd = 5 (Table 1). First, we can notice a considerable fall in the amount of

trading operations for the four chart types (around 70% less operations in general). IHS

and DTOP charts keep their behaviour of achieving higher average returns, higher standard

deviations and higher maximum returns as the trading window grows from 10 to 40 days.

However, HS and DBOT patterns have erratic results, with negative average returns and

minimum returns larger in amplitude than maximum returns. Median returns are also lower

for HS and DBOT than for IHS and DTOP.

Figure 2 helps to visually notice the quality of the results. The figure presents a com-

parison between daily average returns for HS, IHS, DTOP and DBOT chart patterns and

Ibovespa cumulative return (for tests using L = 40;Pd = 5). The daily average returns

(primary y-axis) mean that, for each trading day in the sample, it was verified if a trading
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operation was ended in this day, and what was the return of this operation – this return

corresponds to the daily return in the graph. If two or more trading operations are ended in

a day, the daily average return is simply the average among all ending operations’ returns

in this day. For comparison purposes, the graph also shows the Ibovespa cumulative return

(secondary y-axis). As the graph portrays, returns obtained through TA analysis clearly

tend to be positive, regardless of the market conditions. Overall, positive returns overcome

negative returns, which emphasizes the quality of the four chart patterns to generate positive

abnormal returns over time.

To sum up, key conclusions so far suggest the use of a smaller minimum interval to locate

peaks and valleys (parameter Pd) along with larger trading windows for HS, IHS and DTOP

charts. DBOT pattern is the exception, since it does not delivery as good results as the other

three charts.

Moreover, as expected, the frequency of daily trading operations strongly increases with

a larger sample size over the years for both Pd = 5 or Pd = 10, which can be noticed in

Figures 3 and 4. This increase in the frequency of operations follows the growth in daily

volume in BM&FBOVESPA, as shown in Figures 3 and 4 – Graphs (a). The benefit of using

a bigger sample of stocks can be easily noticed in Figures 3 and 4 – Graphs (b), since a

larger sample tends to allow the occurrence of more trading operations. In general, trading

operations per day remains under two, but the intensity is higher as of 2010, when sample

size goes up to more than 150 assets.
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Table 1. Descriptive statistics of the returns obtained from tests with parameter Pd = 5 (5

trading days as minimum interval between peaks or valleys). Statistics describe the total amount of

trading operations performed for each one of the four different chart patterns and form each one of the four

length intervals of the trading operations. The total amount of trading operations tends to decrease as the

length of the trading increases for HS and IHS patterns; the number of operations with DTOP and DBOT

remains the same as the trading length increases. Also, average, median, standard deviation, minimum

return, maximum return, skewness and kurtosis are calculated for the returns per chart per trading length.

Average returns tend to increase with trading length going from 10 to 40, except for the DBOT pattern.

Standard deviation tends to increase with longer trading length for all chart patterns. Also, maximum

returns tend to present greater amplitude in relation to negative returns, except for the DBOT chart.

Results for minimal distance of 5 trading days between peaks or valleys

HS IHS

L=10 L=20 L=30 L=40 L=10 L=20 L=30 L=40

Total of trading operations 848 848 740 666 900 833 777 733

Average 0.1% 0.6% 0.4% 1.8% 1.3% 1.8% 3.6% 4.0%

Median -0.1% 0.3% -0.2% 0.0% 0.5% 1.3% 1.6% 2.8%

Std Deviation 7.6% 10.2% 13.4% 17.2% 12.6% 13.4% 34.5% 28.9%

Minimum -40.0% -57.1% -62.5% -64.7% -22.2% -33.4% -43.9% -63.9%

Maximum 78.2% 84.3% 99.3% 101.4% 311.1% 266.7% 900.0% 677.8%

Skewness 1.2% 0.7% 1.1% 1.6% 17.0% 9.5% 22.6% 17.4%

Kurtosis 14.3% 8.4% 8.6% 7.2% 414.4% 184.5% 586.7% 406.4%

DTOP DBOT

L=10 L=20 L=30 L=40 L=10 L=20 L=30 L=40

Total of trading operations 510 510 510 510 493 493 493 493

Average 1.7% 3.2% 4.2% 5.0% -0.8% -0.8% -1.2% -0.9%

Median 1.6% 2.9% 3.8% 4.4% -0.8% 0.4% 1.0% 0.7%

Std Deviation 6.6% 10.3% 12.8% 13.9% 10.9% 15.6% 17.1% 18.8%

Minimum -19.9% -29.7% -31.1% -29.5% -47.0% -60.0% -62.6% -68.1%

Maximum 31.9% 110.4% 100.9% 108.9% 50.2% 63.9% 57.8% 66.7%

Skewness 0.4% 2.3% 1.3% 1.1% -0.4% -0.5% -0.4% -0.3%

Kurtosis 1.8% 23.2% 7.8% 6.0% 3.8% 2.5% 1.3% 0.8%
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Table 2. Descriptive statistics of the returns obtained from tests with parameter Pd = 10 (10

trading days as minimum interval between peaks or valleys). Statistics describe the total amount

of trading operations performed for each one of the four different chart patterns and form each one of the

four length intervals of the trading operations. The total amount of trading operations tends to decrease

as the length of the trading increases for the patterns HS and IHS; the number of operations with DTOP

and DBOT remains the same as the trading length increases. Also, average, median, standard deviation,

minimum return, maximum return, skewness and kurtosis are calculated for the returns per chart per trading

length. Average returns tend to increase with trading length going from 10 to 40, except for the DBOT

pattern. Standard deviation tends to increase with longer trading length for all chart patterns. Differently

from the results for Pd = 5, maximum returns now tend to present greater amplitude in relation to negative

returns only for the DTOP chart.

Results for minimal distance of 10 trading days between peaks or valleys

HS IHS

L=10 L=20 L=30 L=40 L=10 L=20 L=30 L=40

Total of trading operations 243 216 185 159 217 200 168 153

Average -0.4% -0.5% -2.1% -2.3% 0.8% 1.2% 2.8% 3.8%

Median 0.0% -0.4% -1.0% -1.0% 1.2% 1.4% 3.5% 3.5%

Std Deviation 7.8% 10.0% 12.6% 13.3% 6.5% 8.4% 10.9% 11.6%

Minimum -40.0% -57.1% -62.5% -64.7% -22.2% -22.2% -30.6% -27.0%

Maximum 22.8% 34.0% 37.2% 41.7% 19.6% 25.2% 31.8% 39.1%

Skewness -0.7% -0.6% -0.7% -0.4% -0.7% -0.2% 0.1% -0.2%

Kurtosis 3.6% 5.3% 3.9% 3.4% 1.7% 0.6% 0.1% 0.3%

DTOP DBOT

L=10 L=20 L=30 L=40 L=10 L=20 L=30 L=40

Total of trading operations 176 176 176 176 165 165 165 165

Average 3.1% 3.6% 5.3% 5.4% -2.3% -1.4% -2.2% -3.5%

Median 3.1% 4.2% 5.1% 5.5% -3.0% -0.6% 0.5% -3.8%

Std Deviation 6.8% 9.9% 12.7% 13.6% 11.1% 16.7% 19.5% 20.0%

Minimum -13.0% -29.7% -30.0% -29.5% -35.6% -56.2% -62.6% -68.1%

Maximum 31.9% 50.1% 59.6% 48.0% 50.2% 52.9% 57.8% 52.7%

Skewness 0.4% 0.4% 1.1% 0.4% 0.9% -0.3% -0.3% -0.2%

Kurtosis 1.8% 3.0% 4.9% 1.1% 4.1% 2.1% 1.3% 0.8%
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Figure 2. Comparison of daily average returns for HS, IHS, DTOP and DBOT chart patterns and Ibovespa Cumulative Return

(for tests using L = 40;Pd = 5). In the primary y-axis, the Graph presents the daily average returns obtained from tests with the four chart

patterns, considering trading window of 40 days and parameter Pd = 5. The daily average return means that, for each day in the sample (from 2004

to 2014), it was verified if a trading operation was ended in this day, and what was the return for this operation – this return corresponds to the daily

return. In the case of days with two or more trading operations ended, the daily average return is simply the average among all ending operations’

returns in this day. The secondary y-axis (red line) represents the Ibovespa Cumulative Return over time, starting in 2004. Briefly, this chart presents

a pattern towards TA based trading operations; returns obtained through TA analysis clearly tend to be positive, regardless of the market conditions.

Overall, positive returns easily overcome negative returns, which portrays the quality of these four chart patterns to generate abnormal returns over

time (considering parameters L = 40;Pd = 5).
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Figure 3. Comparison among amount of trading operations per day, BM&FBOVESPA daily volume and sample size used in

our tests for Head and Shoulders chart pattern, considering 10 days as length trading interval and 5 days as minimum distance

between peaks (or valleys; L = 10, Pd = 05). Graph (a) presents a visual comparison between the number of trading operations per day for

HS chart and the BM&FBOVESPA daily volume from 2004 to 2014. It is noticeable that the frequency of daily operations increases with higher

daily trading volume in the Brazilian stock market, which is a result naturally expected. Graph (b) presents a comparison between the number of

operations per day for HS chart and the increase in the number of assets composing our sample (secondary y-axis). This Graph shows the amount

of assets in the sample increasing annually, from 47 during 2004 to 191 in 2013 and 2014. As expected, in the same way as it happens with daily

volume, trading operations per day also occur more frequently with a larger sample.
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Figure 4. Comparison among amount of trading operations per day, BM&FBOVESPA daily volume and sample size used in our

tests for Inverse Head and Shoulders chart pattern, considering 10 days as length trading interval and 5 days as minimum distance

between peaks (or valleys; L = 10, Pd = 05). Graph (a) presents a visual comparison between the number of trading operations per day for IHS

chart and the BM&FBOVESPA daily volume from 2004 to 2014. It is noticeable, such as in Figure 3 – Graphs (a) and (b), that the frequency of

daily operations increases with higher daily trading volume in the Brazilian stock market, which is a result naturally expected. Graph (b) presents

a comparison between the number of operations per day for IHS chart and the increase in the number of assets composing our sample (secondary

y-axis). This Graph shows the amount of assets in the sample increasing annually, from 47 during 2004 to 191 in 2013 and 2014. As expected, in the

same way as it happens with daily volume, trading operations per day also occur more frequently with a larger sample.
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3.4 Analysis under Monte Carlo Simulation (MC)

Results shown in the previous subsection might be considered quite promising, with

average returns positive in general and up to 5.4%, along with maximum returns increasing

considerably meanwhile minimum returns do not present extreme values. Besides, Figure 2

clearly presents a tendency of TA analysis to generate positive returns overtime, regardless of

the market conditions. Nonetheless, in order to have a more strong clue about the robustness

of these results, we applied an analysis under Monte Carlo simulations.

For each trading operation, it was computed 1,000 simulations to forecast prices during

trading windows; by doing so, we are then able to compare realized returns with simulated

scenarios and achieve a more robust indicator of the results obtained. For all of these

simulations, two analysis were done. First, we present a comparison between realized returns

and average returns from MC simulations. However, the use of average MC returns might

be under influence of outlier returns generated in some simulations, which could distort

conclusions. In order to avoid such influence, we also compare trading returns with MC

returns classified in percentile.

Figure 5 presents an example of MC price forecast with 1,000 simulations – Graph (a) –

and a histogram of cumulative returns of these simulations – Graph (b). Naturally, average

cumulative returns converge to the average (zero), while some outliers may be formed (in this

figure, the smaller return generated in the simulation is a loss beyond 30%, while maximum

return is up to 36%).

Results are presented in Tables 3, 4 and 5. Table 3 presents results for the comparison

between realized returns and MC average forecast returns (i.e. for each trading operation,

trading return is compared with the mean return for the 1,000 simulations relating to this

trading). Results are separated by parameter Pd = 05; 10, by trading window length (from

10 to 40 trading days) and finally by chart pattern.

Considering Pd = 5, we can notice better results for L = 20 and L = 30, in which the
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Figure 5. Example of use of Monte Carlo simulation to construct 1,000 different price

scenarios for one trading operation (considering for this case a trading window of 40 days –

parameter L = 40). Graph (a) represents 1,000 different price paths generated under MC methodology.

Graph (b) represents a histogram built with cumulative returns of the scenarios drawn in Graph (a). From

Graph (b), we can easily notice the tendency towards MC method to generate scenarios that converge to its

mean, which in this case is zero (i.e. average daily return average is zero, since daily returns correspond to

a random walk process).
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four charts have at least 50% of trading operations with realized returns above MC average

returns. In the best case, DTOP chart results in more than 60% of operations with returns

above the MC average return for all trading window lengths, which is in line with results from

Table 1 (where DTOP chart presents promising results in terms of average and maximum

returns specially for longer trading windows).

Second part of Table 3 has results for Pd = 10, in such case the amount of operations

decreases about 70% in general. As a result, conclusions tend to be more ambiguous; while

DTOP chart continues to deliver good results (up to more than 72% of operations with

returns above MC average returns), HS and DBOT have both quite bad results.

As a conclusion, we have strong suggestions about the quality of DTOP and IHS charts,

in relation to DBOT and HS. Also, results point out the benefits of using a smaller interval to

locate peaks (valleys) combined with longer trading windows, confirming what was inferred

from Tables 1 and 2.

In order to support the conclusions in a more robust way, results from MC were also

described in terms of percentile, instead of using just the MC average returns. By doing so,

we try to avoid influence from outlier returns generated in the simulations. Table 4 presents

results for Pd = 5, while Table 5 presents results for Pd = 10. In Table 4, considering the

total of 16 tests computed, only 2 of them (HS and DBOT charts for L = 10) end up with

less than 50% of trading operations with realized returns below the 50th percentile of MC

returns. DTOP chart delivers returns above 50th percentile in four trading window cases,

which clearly demonstrates a tendency for this chart pattern to result in positive abnormal

returns over time.

On the other hand, results in Table 5 are more inconsistent, confirming erratic results for

Pd = 10 verified in Tables 2 and 3. 6 out of the 16 tests have less than 50% of the trading

operations with returns above the 50th percentile. Clearly, HS and DBOT are worse chart

patterns in relation to IHS and DTOP specially for a longer trading window length (L = 40).

To sum up, considering all described results, key conclusions are first related to the good
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Table 3. Initial results for Monte Carlo Simulations (MC): comparison between realized

trading returns and average returns obtained from MC. For each trading operation (per asset

per chart), a MC simulation was computed to forecast 1,000 price series for the trading operation length

interval. MC simulation was based on volatility of historic prices of 40 trading days before the trading is

started, computed under GARCH methodology. It was calculated the average cumulative return from these

1,000 simulations, in order to verify if the “real” return obtained from the trading operation is above the

MC average return. Table presents results separated per minimum days length between peaks (or valleys) –

Pd = 05, Pd = 10 – and per chart pattern, for each trading length interval – L = 10, L = 20, L = 30, L = 40.

It is highlighted the results for Pd = 05 and both L = 20 and L = 30, in which the four chart patterns

presented more than 50% of the operations with returns above the MC average return. Also, considering

Pd = 10 and L = 10, results for DTOP chart were considerably beyond the expected, resulting in 72.7%

trading operations with return above the MC average return.

Results for minimal distance between peaks (or valleys) equal to 5 days (Pd=05)

L = 10 L = 20

HS IHS DTOP DBOT HS IHS DTOP DBOT

Total of trading operations 848 900 510 493 848 833 510 493

Total of operations w/ return

above Monte Carlo average
410 486 308 234 433 470 329 251

% Operations

above the average
48.3% 54.0% 60.4% 47.5% 51.1% 56.4% 64.5% 50.9%

L = 30 L = 40

HS IHS DTOP DBOT HS IHS DTOP DBOT

Total of trading operations 740 777 510 493 666 733 510 493

Total of operations w/ return

above Monte Carlo average
370 427 327 261 329 430 325 254

% Operations

above the average
50.0% 55.0% 64.1% 52.9% 49.4% 58.7% 63.7% 51.5%

Results for minimal distance between peaks (or valleys) equal to 10 days (Pd=10)

L = 10 L = 20

HS IHS DTOP DBOT HS IHS DTOP DBOT

Total of trading operations 243 217 176 165 216 200 176 165

Total of operations w/ return

above Monte Carlo average
125 128 128 60 102 124 119 81

% Operations

above the average
51.4% 59.0% 72.7% 36.4% 47.2% 62.0% 67.6% 49.1%

L = 30 L = 40

HS IHS DTOP DBOT HS IHS DTOP DBOT

Total of trading operations 185 168 176 165 159 153 176 165

Total of operations w/ return

above Monte Carlo average
81 98 119 83 67 106 114 75

% Operations

above the average
43.8% 58.3% 67.6% 50.3% 42.1% 69.3% 64.8% 45.5%
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Table 4. Results for Monte Carlo Simulations (MC) considering minimal length of 5 trading

days among peaks (or valleys): comparison between MC simulated returns ranked by percentile

and the number of trading operations with returns in each percentile. For each trading operation

(per asset per chart), a MC simulation was computed to forecast 1,000 price series for the trading operation

window. MC simulation was based on volatility of historic prices of 40 trading days before the trading is

started, computed under GARCH methodology. It was calculated the cumulative return for these 1,000

simulations, in order to verify in each percentile the “real” return obtained from the trading operation is

located. The table presents results separated by chart pattern, for each trading length interval – L = 10,

L = 20, L = 30, L = 40, total of 16 tests. It is highlighted that only two cases (HS for L = 10, DBOT for

L = 10) present less than 50% of the amount of trading operations with returns below 50th percentile. Also,

it is highlighted that operations considering L = 20, L = 30 and L = 40 present, each one, all of the four

chart patterns with more than 50% of the operations with return above 50th percentile.

Number of operations per chart pattern, distributed

according to MC simulated returns ranked by percentile (considering Pd = 05)

L=10 L=20

Percentile HS IHS DTOP DBOT HS IHS DTOP DBOT

0 106 76 23 76 103 87 26 73

10 74 66 37 44 72 52 24 41

20 83 93 34 37 73 68 30 25

30 80 84 50 58 75 74 48 41

40 82 86 48 37 77 59 41 53

50 89 88 55 42 83 81 62 46

60 76 77 67 45 76 92 62 54

70 74 92 63 58 88 85 70 61

80 49 92 61 53 73 94 65 49

90 135 146 72 43 128 141 82 50

% Operations Above

50th Percentile
49.9% 55.0% 62.4% 48.9% 52.8% 59.2% 66.9% 52.7%

L=30 L=40

Percentile HS IHS DTOP DBOT HS IHS DTOP DBOT

0 90 81 21 83 91 77 22 75

10 65 53 32 29 51 43 22 47

20 70 61 34 34 45 53 40 28

30 56 69 48 37 58 54 41 29

40 70 71 39 39 66 59 48 45

50 69 60 49 40 64 58 50 44

60 67 62 54 70 62 67 58 51

70 75 73 67 70 62 75 65 69

80 69 83 72 45 54 85 68 55

90 109 164 94 46 113 162 96 50

% Operations Above

50th Percentile
52.6% 56.9% 65.9% 55.0% 53.3% 61.0% 66.1% 54.6%
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Table 5. Results for Monte Carlo Simulations (MC) considering minimal length of 10 trading

days among peaks (or valleys): comparison between MC simulated returns ranked by percentile

and the number of trading operations with returns in each percentile. For each trading operation

(per asset per chart), a MC simulation was computed to forecast 1,000 price series for the trading operation

window. MC simulation was based on volatility of historic prices of 40 trading days before the trading is

started, computed under GARCH methodology. It was calculated the cumulative return for these 1,000

simulations, in order to verify in which percentile the “real” return obtained of the trading operation is

located. The table presents results separated by chart pattern, for each trading length interval – L = 10,

L = 20, L = 30, L = 40, total of 16 tests. It is highlighted that 10 out of the 16 tests present more than

50% of the amount of trading operations with returns below 50th percentile. Also, it is highlighted that

operations for IHS and DTOP chart patterns present considerable amounts of trading operations above 50th

percentile, considering that DTOP remains with more than 65% of operations above 50th percentile in the

four trading length operations.

Number of operations per chart pattern, distributed

according to MC simulated returns ranked by percentile (considering Pd = 10)

L=10 L=20

Percentile HS IHS DTOP DBOT HS IHS DTOP DBOT

0 37 16 3 32 26 20 8 24

10 26 16 13 19 13 17 7 14

20 14 18 9 20 24 11 8 8

30 17 19 12 21 24 11 18 16

40 20 20 11 9 23 14 12 21

50 28 19 17 18 19 27 19 14

60 24 23 20 11 23 18 21 19

70 20 21 26 12 25 27 24 14

80 25 28 32 9 11 22 30 21

90 32 37 33 14 28 33 29 14

% Operations Above

50th Percentile
53.1% 59.0% 72.7% 38.8% 49.1% 63.5% 69.9% 49.7%

L=30 L=40

Percentile HS IHS DTOP DBOT HS IHS DTOP DBOT

0 24 12 7 32 22 10 8 31

10 19 14 5 12 14 9 7 21

20 17 11 10 12 17 8 10 7

30 16 19 14 10 18 8 15 16

40 21 10 16 13 13 7 21 11

50 18 12 15 11 24 18 9 16

60 24 15 25 19 11 19 24 12

70 14 20 17 26 15 23 23 20

80 11 22 35 16 11 22 24 20

90 21 33 32 14 14 29 35 11

% Operations Above

50th Percentile
47.6% 60.7% 70.5% 52.1% 47.2% 72.5% 65.3% 47.9%
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quality of IHS and DTOP chart patterns in relation to HS and DBOT. Since IHS is a pattern

associated with prices in upward tendency and DTOP is associated with downward tendency,

both charts combined tend to cover ascendant market movement trends as well as falling

movements. Also, regarding trading window length operations, results suggest the tendency

of achieving higher returns with longer trading windows, which is in line with some of the

technical analysis literature already mentioned – for example, Boainain and Pereira (2009).

Nevertheless, overall, it is easily noticeable the possibility of incurring in superior returns

through the use of technical analysis in the stock market. Along time, cumulative returns

tend to be strongly positive, therefore predicting price movements (which can partially put

on hold the market efficient hypothesis). Results are reinforced by the sample size used

(considerably large, up to 191 assets) and the sample interval, covering 11 years (2004-2014)

and facing diversified market conditions.

4 Conclusions

In this article, our goal was to test four chart patterns commonly used in technical

analysis. As differential, firstly, we used this approach in the Brazilian stock market in large

scale, with a sample up to 191 assets and an 11 year sample interval, covering diversified

moments such as strong growth periods (2007 and 2008), moments of consistently decline

in prices (late 2008, 2013 and 2014), and “flat” periods (2005, 2006, 2012, and so on).

Considering a long sample interval, we were able to analyse response of chart analysis under

diversified market situations, therefore expanding the conclusions instead of remaining stuck

in small specific periods that do not face stronger volatility.

Tests were performed employing software Matlab and a function named “findpeaks.m”

(freely provided by the software), essential for the location of peaks and valleys in price

series, which is a fundamental matter to chart analysis. Based on the peaks and valleys, four

charts were applied: Head-and-Shoulders (HS), Inverse Head-and-Shoulders (IHS), Double
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Tops (DTOP) and Double Bottoms (DBOT). Initial results strongly highlighted the quality

of IHS and DTOP chart patterns. Also, it was initially verified the good benefits of using

higher trading windows after starting a trading operation. Results demonstrated that, as

the trading length was changed from 10 to 40 trading days, average returns tended to rise

specially for IHS and DTOP, while both HS and DBOT presented erratic results.

As a second differential, we can mention the use of Monte Carlo simulations in order to

test the robustness of the results. MC highlighted the quality of results for IHS and DTOP

chart patterns. For these two cases, operations performed considerably well, with realized

returns being above the 50th percentile of MC simulated returns in at least 60% of the

trading operations. These results together demonstrate clear benefits of using chart patterns

and technical analysis in the stock market.

Future researches could basically go in three different directions. First, tests could be

applied with the exactly same methodology and high frequency data in the stock market.

Second, tests could also be performed with data from different markets. A third option

would be to test more chart patterns looking for special conditions that fit each chart.
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