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Tests for Two-Day Candlestick Patterns in the 
Emerging Equity Market of Taiwan
Tsung-Hsun Lu and Yung-Ming Shiu

ABSTRACT: Using the Taiwan 50 Index component stocks for the period from January 2, 
2002, to December 31, 2009, this study examines the predictive power of candlestick trad-
ing strategies. A four-digit numbers approach is employed to categorize two-day candlestick 
patterns. We find that the Taiwanese stock market is not efficient. We also document that 
two candlestick bullish patterns consistently outperform others. The main contributions 
of this study include addressing a range of two-day candlestick patterns, finding existing 
patterns not profitable, and showing two new patterns as profitable.
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According to the efficient market hypothesis, one cannot predict stock prices or their future 
trends because markets reflect all publicly available information rapidly and accurately. It 
should thus be impossible to earn abnormal returns with technical analysis (Fama 1970; 
Malkiel 1996). However, abundant evidence shows the existence of irrational behavior 
phenomena in financial markets. Kahneman and Tversky (1979) note the reflection ef-
fect, a heuristic-driven bias in prospect theory that reveals the irrationality of investors 
facing gains and losses. In addition, many studies have shown the existence of abnormal 
returns, including loss aversion (Benartzi and Thaler 1995), feedback (De Long et al. 
1990), noisy rational expectations (Blume et al. 1994; Brown and Jennings 1989; Grundy 
and McNichols 1989; Hellwig 1982), disequilibrium (Beja and Goldman 1980), market 
power (Froot et al. 1992), instability (Goldbaum 2003), agent-based modeling (Schmidt 
2002), and chaos theory (Clyde and Osler 1997).

Technical analysis is the study of past prices and related summary statistics for the 
purpose of predicting future price movements (Brock et al. 1992). It mainly includes two 
types, visual patterns in charts and mathematical indicators through calculations (Fock 
et al. 2005). Levy (1971) reviews thirty-two patterns of stock prices and examines the 
excess returns for New York Stock Exchange (NYSE) securities. He finds that charting 
analysis failed to generate abnormal returns. Sullivan et al. (1999) employ bootstrap 
reality check methodology to examine approximately 8,000 trading rules identified from 
five technical trading systems—filters, moving averages, support and resistance, channel 
breakouts, and on-balance volume averages—and ultimately claim that technical analysis 
is unable to deliver significant results. Brock et al. (1992) treat support and resistance 
levels as trading rules, and their results provide strong support for technical strategies. 
In addition, Park and Irwin (2007) demonstrate that among ninety-five modern studies 
of technical analysis, fifty-six reveal positive results, twenty show negative results, and 
nineteen obtain mixed results.
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Technical trading rules are probably profitable in emerging markets. McKenzie (2007) 
tests three technical trading rules, the variable-length moving average, fixed-length moving 
average, and trade range breakout, for seventeen countries over the period of January 1986 
to September 2003. Krausz et al. (2009) use nine Pacific Basin stock market indexes to 
investigate the link between the nonlinear dynamics of stock returns and technical trading 
rules. Finally, they claim that technical analysis is useful in emerging markets.

The paper by Caginalp and Laurent (1998) is one of the first empirical studies on 
candlesticks. They use a z-test to examine eight three-day reversal patterns for all S&P 500 
stocks over the period 1992–96, and claim that candlestick analysis has predictive value. 
In addition, Goo et al. (2007) utilize the daily data of twenty-five component stocks in 
the Taiwan Top 50 Tracker Fund and Taiwan Mid-Cap 100 Tracker Fund over the period 
from 1997 to 2006, and find strong support for candlestick techniques. Meanwhile, they 
suggest that the performance of candlesticks can be further improved by implementing 
stop-loss strategies. Furthermore, Shiu and Lu (2011) use quantile regression to examine 
three confirmation factors of candlestick charting for all electronic securities in the Taiwan 
Stock Exchange between 1998 and 2007, and find that the second day’s opening price 
and the real body sizes affect candlestick efficacy.

On the contrary, Fock et al. (2005) were the first to employ five-minute data from 
the index futures on the German stock index and the bond futures on German govern-
ment bonds to test candlesticks against a benchmark built from randomization, but their 
empirical results are poor. Other studies employ bootstrap methodology. For instance, 
Marshall et al. (2006) investigate thirty-five stocks on the Dow Jones Industrial Average 
over the period 1992–2001, and find that candlestick technical analysis has no value. 
Marshall et al. (2008) use the same method to study the Japanese stock market, and their 
results are also disappointing for candlestick trading strategies. Similarly, Horton (2009) 
utilizes three nonparametric tests, the Kolmogorov–Smirnov test, the Cramer–von Mises 
test, and the Birnbaum–Hall test, to analyze nine patterns of candlesticks for 349 stocks 
in the S&P 500 index, and finds support for the efficient market hypothesis, but not for 
candlestick technical analysis.

Some papers in these fields, however, have been misguided because of an inadequate 
understanding of candlesticks. Central to this issue is the problem of recognition of pat-
terns. However, much attention has been paid to the six two-day reversal patterns men-
tioned in Nison (1991), but the remaining two-day patterns have been relatively neglected 
in the literature. We thus attempt to investigate some patterns not previously considered, 
even by experienced charting analysts. Our intention is to consider all patterns formed by 
two candlestick single lines, not only those in Nison’s book. One of the possible contribu-
tions of our study is that we devise a four-digit numbers approach to categorize two-day 
candlestick patterns in a scientific way. There are twenty-four types in total.

The work that we present in this paper is an attempt to supplement the findings of 
earlier studies, and it is similar to the previous research discussed above, in that the focus 
is on the predictive power of candlesticks. A key difference between this paper and prior 
studies on candlesticks, however, is that we examine two-day candlestick patterns using 
a large-scale and systematic approach. In addition, we utilize several statistical tests and 
methods to ensure the correctness of our results. After rigorous procedures, we find that 
bullish pattern 1234 in downtrend markets and bullish pattern 1324 in uptrend markets 
could help investors profit in the Taiwan stock market. This research is still in its infancy, 
but it may contribute to unraveling the mystery of candlesticks. We believe that our results 
could enable investors to employ two-day candlestick patterns more effectively.
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This paper is closely related to those of Goo et al. (2007) and Shiu and Lu (2011). 
They also use daily data on Taiwan individual stocks. Goo et al. (2007) utilize stop-loss 
strategies with candlesticks to obtain better performance, and find that the Bullish Harami 
pattern possesses genuine forecasting power. Shiu and Lu (2011) address three key factors 
to strengthen the efficacy of six two-day candlestick patterns, and suggest that the Bearish 
Harami pattern seems to be good for investors. We, however, use a systematic method to 
document a range of new two-day candlestick patterns. We also find that existing patterns 
in practitioner books or tested by earlier studies are not profitable. Our results show that 
some new patterns are indeed profitable.

Candlestick Charting and Research Design

Candlestick charting is based on the recognition of visual patterns and was developed in 
Japan 400 years ago by Munehisa Honma, a wealthy rice farmer and commodity trader 
(Caginalp and Laurent 1998; Nison 1991). A few centuries later, Steve Nison introduced 
it to the Western world, where it has become increasingly popular (Nison 1991).

Candlestick charting is a basic tool of technical analysis, and is available in many 
software and charting packages, including Microsoft Excel. This technique transfers 
investor emotions into charts, creates patterns based on changes in investor sentiment, 
and can reflect the fear and greed of investors.

The information of four prices, that is, opening, high, low, and closing prices, can be 
used to construct a candlestick single line. The distance between the opening and closing 
prices is called the “real body” of the candlestick, colored white if the closing surpasses 
the opening and colored black if the reverse is true. If the high price is more than the 
real body, and the interval is represented by a line segment, it is called an “up-shadow.” 
When the reverse is true, under the candlestick’s real body is a “down-shadow” (Nison 
1991) (shown in Figure 1).

We classify all two-day candlestick patterns using four-digit numbers. The ranks 
(N1 through N4) are converted into a pattern identification number by the equation 
(N1 × 1,000) + (N2 × 100) + (N3 × 10) + N4, and therein N1 and N2 represent the 

Figure 1. Single candlestick construction
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opening and closing prices of the first day of the two-day pattern, respectively. In the 
same way, N3 and N4 represent the opening and closing prices of the second day of the 
two-day pattern, respectively (shown above left in the grids in Figure 2). The four-digit 
placeholders are numbered by their measurement of the four prices in sequence. To take 
a simple example, “pattern 1324” indicates that the first day’s opening is higher than its 
closing, and the second day opens higher than the first day’s closing but less than open-
ing, and the second day closes lower than the first day’s closing. This rule was designed 
to explore the identification and classification of all two-day patterns of candlesticks in 
a thorough, systematic, and scientific manner.

Candlestick patterns should always consider what happened before (Nison 1991). Our 
next step is, therefore, to identify uptrend and downtrend episodes prior to the patterns. 
Inspired by Caginalp and Laurent (1998) and Shiu and Lu (2011), we employ the five-
day moving average, and on day t this is defined by:

 MA
C t C t C t C t C t

5

4 3 2 1

5
= − + − + − + − +( ) ( ) ( ) ( ) ( )

,  

where C(t) is the closing price on day t.

Figure 2. Categories for two-day candlestick patterns
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An uptrend on day t is defined by:

 MA (t – 6) < MA5(t – 5) < ... < MA5(t – 1) < MA5(t).

In contrast, a downtrend on day t is defined by:

 MA (t – 6) > MA5(t – 5) > ... > MA5(t – 1) > MA5(t).

Next, we define how to measure the returns generated by the two-day candlestick 
patterns. In this paper, we measure returns based on the following three rules. First, the 
start of the measuring is at the opening price on the day following a two-day pattern. 
Second, the end of the measuring is at the closing price on the first, fifth, and tenth hold-
ing day. Assume that the two-day pattern is formulated on day t. The equation for n-day 
returns is as follows:

 
Selling price Buying price

Buying price
t n t

t

+ +

+

−
×1

1

100%,  

where the Selling pricet+n represents the closing price on day t + n and the Buying pricet+1 
denotes the opening price on day t + 1.

Note that returns are calculated on a buy-and-hold basis. In other words, positive 
return rates for bullish signals indicate that the patterns correctly predict the direction 
of price movements, and so do the negative return rates for bearish signals. Third, as in 
Brock et al. (1992) and Marshall et al. (2006), we examine the profits by raw returns 
rather than abnormal returns.

Moreover, in the Taiwan stock market, transaction costs include trading taxes, bro-
kerage commissions and fees, and depository fees when a margin transaction occurs. 
Trading taxes generally are 0.3 percent, and brokerage commissions and fees are 0.285 
percent for a round-trip trade. Due to the prevalence of electronic trading in recent years, 
brokerage commissions and fees have fallen by at least 50 percent. Meanwhile, some of 
the risk resulting from trading itself is regarded as a potential cost. The risk of bid-ask 
spreads, which are generally unobservable, consists of execution costs, liquidity costs, 
and slippage costs. In this paper, the aforementioned costs are arbitrarily set at 1 percent 
for a round-trip trade.

Data and Empirical Results

Our data consist of fifty stocks from the Taiwan 50 Index for the period from January 2, 
2002, to December 31, 2009. This particular sample set was chosen merely to provide a 
good mix of industries and representative firms. Among the fifty stocks, twelve stocks 
failed to exist for the whole period. They were not yet included in the Taiwan 50 Index 
on January 2, 2002. For the representation of the Taiwan stock market, we cannot exclude 
these twelve stocks, and we trace back to their respective listing dates.

First of all, we examine the profitability of all twenty-four patterns to test their predictive 
power. Whereas the return series exhibits skewness,1 we use the skewness-adjusted t-statistic 
developed by Johnson (1978) to test the null hypothesis that average returns generated from 
candlestick trading rules are zero. The skewness-adjusted t-statistic is defined by:

 
T n s

s

nsa = + × +( ),
ϕ ϕ2

3 6
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where

s
R

R

R R

n R
t
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( )

( )
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3

3

Because the distribution of stock returns may not follow a normal distribution, Lukac 
and Brorsen (1990) suggest that nonparametric statistics are more appropriate than para-
metric statistics. As stated in Conover (1999), the binomial test has remarkable versatility, 
and it is suitable to test almost any data hypothesis. Conover notes: “Even in situations 
where more powerful tests are available, the binomial test is sometimes preferred because 
it is usually simple to perform, simple to explain, and sometimes powerful enough to 
reject the null hypothesis when it should be rejected” (1999, p. 124). We thus employ the 
binomial test to examine the randomization of two-day patterns of candlesticks. The data 
are examined with both the skewness-adjusted t-test and binomial test to find the trading 
rules that have genuine predictive power. The null hypothesis of the skewness-adjusted 
t-test is H0: µ = 0 for the average returns, and with the null hypothesis of the binomial-
test, it is H0: p = 0.5 for the hit-ratios.

Table 1 summarizes the results for all the samples without distinguishing market epi-
sodes. A total of 54,955 patterns are detected, and pattern 4321 appears most frequently, 
at 8,244 times. The results that satisfy both the skewness t-test and the binomial test 
are regarded as significant results. Note that a positive value for the bullish signal and a 
negative one for the bearish signal reveal that the pattern correctly predicted the direction 
of the market. However, after adjusting by transaction costs of 1 percent per trade, all 
patterns for one, five, and ten holding days failed to deliver positive returns. According 
to the basic principle of candlestick charting, no pattern has value until the prior trend 
has finished. Therefore, we immediately test the predictive power of candlesticks by 
distinguishing market episodes, uptrend episodes, and downtrend episodes, in the fol-
lowing section.

Check for Robustness

Subsamples Based on Previous Trends

We identify three distinct types of market trends (uptrend, downtrend, and flat markets) 
before the patterns appear by the rules mentioned above. As shown in Table 2, in an up-
trend market, bullish pattern 1324 and bearish pattern 4231 show significant results for 
five holding days, and bullish patterns 1234, 1243, and 1324 exhibit significant results 
for ten holding days. Simultaneously, in an uptrend market, only bullish pattern 1324 
has powerful predictability. It has returns of 1.18 percent and 1.20 percent when holding 
for five and ten days, respectively.

Table 3 shows that in a downtrend market, bullish pattern 1234 demonstrates out-
standing performance. We find significant results on both five and ten holding days after 
transaction costs. In addition, the hit-ratio of this pattern is over 58 percent. All these 
findings indicate that pattern 1234 is a bullish reversal pattern to execute a buying strategy. 
The results indicating that the market forces finally become exhausted are consistent with 
prior studies finding that stocks that experience a price rise or fall often have a significant 
reversal (Jegadeesh 1990; Lehmann 1990).

All these findings make it clear that it is necessary to distinguish trends before pat-
terns, and that patterns 1324 and 1234 both have significant practical implications. To put 
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it more clearly, the positive returns produced by pattern 1324 after an uptrend indicate 
that the bullish trend is continuing but the trend permits a significant fluctuation, a two-
day drop. It is regarded as a bullish continuation pattern, and it hints that the upward 
trend does not end. The rationale is that originally the opening price of the first day is 
above the prior day’s high, and thus the market abounds with an optimistic atmosphere, 
although the end of the market closes at a low price. Next, the second day of the pattern 
also sees the same process, opening high but closing low. In such a scenario, the bulls 
could easily overwhelm odd lotters who lose confidence in the bull market, and thus the 
former have more control over the market. This pattern is often called flag consolidation 
in practice.

As to pattern 1234, it can be regarded as the last struggle of the bears before they 
become a spent force. The second day’s closing price makes a new low in the past few 
days, and the bears’ power has then been completely exhausted. This pattern is also 
called a stalled pattern in practice. Pattern 1234 is appropriate for a buying signal after a 
downtrend because the bears’ strength has been exhausted. These findings are consistent 
with prior studies, such as Brock et al. (1992) and Lai et al. (2010), showing that buying 
signals generally produce higher average returns than selling signals.

Let us compare and contrast our results with the six two-day patterns introduced in 
Nison’s book. The Bearish Engulfing (pattern 3214 in uptrend markets) is frequently 
touted as the best strategy for short-selling, while the Bullish Engulfing (pattern 2341 in 
downtrend markets) is a well-known rush-buying strategy. In this paper, however, they 
both fail to show significant forecasting power. The remaining four patterns, the Bearish 
Harami (pattern 4123 in uptrend markets), the Dark Cloud Cover (pattern 4213 in uptrend 
markets), the Piercing (pattern 1342 in downtrend markets), and the Bullish Harami (pat-
tern 1432 in downtrend markets) are all unprofitable after transaction costs.

To check the robustness of the results of patterns 1234 and 1324, we simulate these 
two patterns by three different trend situations, a five-day moving average over ten days 
and a ten-day moving average over ten and twenty days. Table 4 shows that pattern 1324 
in uptrend market generates returns of 2.29 percent and 3.50 percent when holding for 
five and ten days, respectively, in a five-day moving average over ten days. Generally 
speaking, both patterns give convincing empirical results. It is worth noting that there 
are two appearances in Table 4. First, holding days enhance the returns. The ten-day 
average returns are higher than the five-day returns. Second, the significances weaken 
for the binomial test of pattern 1324 by a ten-day moving average over ten and twenty 
days. This confirms the suggestion by Nison (1991) and Morris (1995) that candlestick 
trading rules are most useful for short-term trading and suitable for horizons of approxi-
mately ten days.

We also calculate relative returns measured by absolute returns of stocks minus index 
returns for the profitable patterns to investigate the effect of candlesticks in Table 4. With 
only one exception of pattern 1234 for five holding days by a five-day moving average 
over ten days, all results in Table 4 seem to be influenced by index returns. Nevertheless, 
all absolute returns yielded by candlesticks can beat the market.

Nonparametric Test

The parametric t-test is sensitive to differences between two means, but the Kolmogorov–
Smirnov test and the Birnbaum–Hall test are consistent against all types of differences 
between two distributions (Conover 1980: 368). Thus, we test the accurate signals from two 
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profitable patterns by employing two nonparametric tests, the Kolmogorov–Smirnov test 
and the Birnbaum–Hall test, to identify whether or not the samples based on candlestick 
patterns are drawn from the same population distribution. After these tests, we can confirm 
the importance of trends prior to patterns, and return series are yielded from different and 
independent populations. Under the Kolmogorov–Smirnov test, the hypotheses are:

Hypothesis0: F(x) = G(x) for all x from –∞ to +∝.

Hypothesis1: F(x) ≠ G(x) for at least one value of x.

F(x) and G(x) indicate two population distributions. The Kolmogorov–Smirnov sta-
tistic, T, is defined as:

 T = max | D1(x) – D2(x) |,

where D(x) indicates the sample distributions.
The Birnbaum–Hall test uses the maximum results of the pair-wise Kolmogorov–

Smirnov tests (see Conover 1980, p. 377). As shown in Table 5, our test results reveal that 
accurate signals from uptrend, downtrend, and flat markets for patterns 1234 and 1324 
are drawn from different statistical distributions. This would be convincing evidence that 
the probability of positive profits yielded from the two patterns is not random.

According to our empirical results, investors could buy stocks following pattern 1234 
in downtrend markets and pattern 1324 in uptrend markets. The holding periods are 
suitable for five and ten days—more specifically, when pattern 1234 (or 1324) occurs, 
checking the trend before the pattern, buying the stock at its opening price on the next 
day, and holding it for five or ten days to sell out.

Conclusions

The results of this study demonstrate that candlestick analysis has value for investors. 
This appears to violate the efficient markets hypothesis. We find that the candlestick 

Table 5. Results for the Kolmogorov–Smirnov test and the Birnbaum–Hall test

Distributions tested Kolmogorov–Smirnov Birnbaum–Hall

Pattern 1234

Uptrends vs. downtrends 0.0625*

Downtrends vs. flats 0.0553*

Flats vs. uptrends 0.0407*

All three outcomes 0.0625*

Critical value 0.0225 0.0275

Pattern 1324

Uptrends vs. downtrends 0.0641*

Downtrends vs. flats 0.0347*

Flats vs. uptrends 0.0472*

All three outcomes 0.0641*

Critical value 0.0305 0.0372

* statistically significant at the 5 percent level.
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technique has predictive power in the Taiwan stock market. Our findings, however, 
contradict Nison (1991). We find that all six two-day reversal patterns introduced in his 
book have no profitability. Nevertheless, some new patterns (bullish patterns 1234 and 
1324) are profitable. Pattern 1234 can be regarded as the reversal pattern, and it agrees 
with contrarian strategies. Pattern 1324 can be classified into the continuation pattern, 
and it is suitable for momentum strategies. The observed return reversals are probably 
caused by overreaction (Wang and Xie 2010). Underreaction seems to enable momentum 
strategies to profit (Liu et al. 1999). Our asymmetric results are consistent with previous 
studies, such as those of Brock et al. (1992) and Lai et al. (2010), who find that buying 
signals generally produce higher average returns than selling signals.

Although the present study enhances the previous studies’ findings by providing a much 
more detailed examination of two-day candlestick patterns, it has some limitations. For 
one thing, we are not concerned here with the “shadows” that represent the volatility of 
a trading day. Moreover, we do not consider the confirmative determinants of candlestick 
patterns, such as volume. Nevertheless, we believe that we have demonstrated a systematic 
method of research for studying the value of candlestick patterns.

Note
1. The skewness of returns for one day is 0.18; for five days, –0.09, and for ten days, –0.02.
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