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Abstract. K-means clustering algorithm has been used to classify patterns of Japanese candlesticks which accompany the prices of several assets registered in the Warsaw stock exchange (GPW). It has been found
that the trend reversals seem to be preceded by specific combinations
of candlesticks with notable frequency. Surprisingly, the same patterns
appear in both bullish and bearish trend reversals. The above findings
should stimulate further studies on the problem of applicability of the
so-called technical analysis in the stock markets.
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1

Introduction

The technical analysis of the stock market assets [1,2] belongs to the most controversial approaches to investigations of data series, especially having economical
and financial meaning. This is because the aim of technical analysis is, basically, no less than the approximate prediction of specific values of the data
which appear as realizations of a random process. On one hand, it has been
declared a kind of pseudoscience, which, because of the incorrectness of its most
important principles, cannot lead to any sustainable increase of returns above
the market level [3,4]. On the other hand, it has also been applied without
any serious knowledge about the market dynamics. Considerable revision of the
ultra-critical stand of the many experts regarding technical analysis has been
influenced by more recent publications, e.g. [5,6,7,8]. As a part of a common
knowledge about the stock market dynamics let us notice that time series generated by the prices of stocks are not random walks, and at least the short-time
correlations are present. Whether they can indeed be exploited with the purpose of maximization of returns is an open question. What we investigate here
is meant to be a very small contribution to answer it. It is well known that the
very important part of the technical analysis is the localization of possible ends
of a given trend – upward or downward. Many technical-analysis indicators (like
MACD – Moving Average Convergence-Divergence or RSI – Relative Strength
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Index) are used by technical analysts for this purpose. Another tool used to this
end are the graphical patterns made by the sequences of Japanese candlesticks.
A Japanese candlestick is a four-element sequence containing the opening, maximal, minimal, and closing prices of an asset during a given trade session. We do
not analyze here the patterns themselves but we attempt to obtain an answer to
the following rather humble question: are the trend reversals accompanied more
often by some types of candlesticks than by others? For that purpose we perform
first the classification of candlesticks to have the above types well defined. For
the purpose of classification we employ a well-established clustering algorithm
called K-means [9,10,11,12,13]. Let us notice that clusterization of candlesticks
for a given asset allows one to ascribe labels to them. This, in turn, makes it
possible to investigate how their sequences with given labels have performed in
the past and what is the predictive power (if any) of sequences with particular
labels.
The main body of this work is organized as follows. In Section 2 we recall
and modify the definition of the Japanese candlesticks which form our working
example. In Section 3 we provide our results about the relation between candlestick types and trend reversals in prices of several stocks. Finally, Section 4
comprises some concluding remarks.

2

Japanese candlesticks as a representation of value of
assets in stock market

The Japanese candlestick is a sequence of four numbers (O(a, t), X(a, t), N (a, t),
C(a, t)), where O denotes the opening value of the asset a at the trading day t,
X is the maximum value (high) reached during the trading session, N is the
minimum (low), and C is the closing value. There exists a well-known graphical
representation of the candlestick [14] often considered important in what is called
the technical analysis of stock markets.
In what follows below we employ a sequence of five elements (O, X, N, C, V )
which we call an augmented Japanese candlestick where V represents the transaction volume associated with the asset and the trading day. An augmented
candlestick of the asset a on the day t can be denoted as a 5-tuple
y(a; t) = (O(a, t), X(a, t), N (a, t), C(a, t), V (a, t)) .

(1)

In the following we shall call it simply a candlestick. The time series of n + 1
candlesticks, called otherwise a sequence, can be written down as
Sn (a; t) = (y(a; t), y(a; t + 1), ..., y(a; t + n)) .

(2)

Each sequence has its own starting time t and ending time t + n.
We define the (Euclidean) distance between two candlesticks (differently than
in our previous work [15]) as
X
2
d(y1 , y2 ) =
(y1,i − y2,i ) ,
(3)
i

Prediction of trend reversals in stock market...

643

where y1,i and y2,i are corresponding components of y1 and y2 , respectively,
i.e., they run through the elements of appropriate sets {O, X, N, C, V }. In order
to consider this formula meaningful, the values of the asset and the transaction
volume must be comparable. To achieve this, we normalize our time series by
subtracting the average of closing values C from O, X, N , and C, and then
dividing these differences by the standard deviation of C. Similarly, the volume
V is also normalized by subtracting its average value and dividing this difference
by the standard deviation of original V . This way, the standard deviations of
new renormalized C and V are exactly 1. All candlesticks analyzed further are
normalized in the above sense.
Using the K-means algorithm we have classified the Japanese candlesticks as
they appear in the group of twenty biggest and most powerful stocks (WIG20)
in the Warsaw stock exchange. This has been done for each of the twenty stocks
separately. We have assumed that there are 32 clusters. This should have corresponded to the 32 semi-quantitative features of the candlesticks: a candlestick
can be black (close value lower than open value) or white, its body length (i.e.
absolute value of the difference between the close and open value) can be larger
or smaller than average, its upper shadow (i.e. the difference between the maximum and the larger of open and close value) can be longer or shorter than
average, the lower shadow can also be long or short with analogous meaning;
finally, the corresponding volume can be larger or smaller than average. All this
gives 25 features, hence 32 clusters. An example of the coordinates of the centroids associated with each cluster for BZWBK stocks is shown in Fig. 1. We
have used the implementation of the K-means algorithm as given in the module
Scikit-learn [16,17]. To improve presentation, for every centroid with coordinates (O, X, N, C, V ) we subtracted the first coordinate from the first four to
obtain (0, X − O, N − O, C − O, V ) and displayed its candlestick representation.
This is the reason why the candles in the upper part of Fig. 1 have the same
level of opening values.

3

Trend reversals and candlesticks

It is by no means self-evident what the trend in the data obtained from the
random process really means qualitatively even though the intuitive meaning
is understandable. In particular, it is not clear when the trend actually starts
and when it ends. To quantify these concepts, we have employed the following
simple procedure. To every closing value of a given asset we have ascribed the
slope of the straight line obtained from the preceding 10 (ten) closing values. As
an indicator of the start and end of the trend we have chosen the change of sign
of the above slope. A justification for using the number 10 is that the period of
two trading weeks is usually considered important by the technical analysts.
To every change of sign of the slope as defined above which appears between
nth and (n + 1)th trading sessions we have ascribed one of the 32 cluster labels
(from 0 to 31) of the candlestick which appeared in the session n. If, however,
a cluster with a given label contained less than N/240 candlesticks, where N is
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Fig. 1. Coordinates of centroids corresponding to clusters of Japanese candlesticks
obtained using the K-means algorithm for the BZWBK stocks (5327 trading days with
equal number of candlesticks). First four coordinates of centroids shown in upper part
of the figure are displayed as candlesticks, the fifth coordinates (i.e. volume) are given
as red horizontal bars in the middle part of the figure while the black horizontal bars
in the figures illustrate the numerical amount of elements in the clusters corresponding
to the centroids.

the number of trading days considered, it has been discarded. For instance, in
the case of BZWBK stocks (N = 5327) we have kept only 22 clusters (and
22 labels). We have applied such a filter to exclude candlesticks which appear
too rarely, less than once per year.
In Fig. 2 we have plotted an example of the time series generated by a stock
in GPW (BZWBK stock, trading session No. 1000-1500) together with the associated time-dependence of the slopes generated by ten preceding closing values.
In Fig. 3 we have plotted the relative frequencies of appearances of the cluster
labels for the change from downward to upward trend and from the upward to
downward for BZWBK stocks. It has been calculated as the ratios Mj,du /Lj
and Mj,ud /Lj , where Mj,du is the number of appearances of a candle belonging
to the ith cluster near the down-to-up trend reversal, Mj,ud is the number of
appearances of a candle belonging to the jth cluster near the up-to-down trend
reversal, and Lj is the total amount of appearances of any candle belonging to
jth cluster.
This and similar figures which we have obtained for other stocks traded at
GPW have been somewhat surprising to us. Indeed, it seems that there are such
types of candlesticks which appear frequently close to the trend reversals (as
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Fig. 2. Example of the time series generated by a stock in GPW (BZWBK stock,
trading session no. 1000-1500) – upper part of the figure, together with the associated
trading-session dependence of the slopes generated by ten preceding closing values –
lower part of the figure.

defined above) and relatively rarely outside the regions close to the zeros of the
slope series. Since the total number of those zeros has been of the order of N/10
(575 for BZWBK stocks) where N is the number of trading sessions, one may be
tempted to say that, in fact, candlesticks of some types are concentrated in the
trend-reversal regions. We have observed that this behavior is more pronounced
in the stocks which are traded longer in GPW and much less visible for stocks
relatively new in the market. It is quite evident that the most significant from
the point of view of the trend reversals are those types of candlesticks which
appear quite infrequently out of the reversal moments. This is rather intuitive
from the point of view of technical analysis.
What is more, as for the down-to-up reversal, the most significant candlestick
is the one with relatively long and light body (i.e. closing price is larger than the
opening price), relatively short shadows and quite large volume. This means that
during the trading day there is almost a steady grow and the interest of investors
to buy an asset does not diminish. The fact that, with such investors’ mood, the
new bullish trend is likely, seems to be intuitive. Similarly, the sticks which
appear relatively likely near the up-to-down reversals are those with closing
prices lower than the opening ones but with relatively long shadows and large
volumes. It seems that the trade days on which the prices are characterized with
such candlesticks are very turbulent but such that the pessimistic moods finally
settle down and the bearish reversal becomes likely.
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Fig. 3. Relative frequencies of appearances of the cluster labels for the change from
downward to upward trend (upper part of the figure) and from the upward to downward
(lower part of the figure) for BZWBK stocks. The horizontal lines represent the ratio
of the total number of trend reversals to the number of trading days.

4

Concluding remarks

In this work we have performed classification of the Japanese candlesticks which
appear in the stocks traded in the Warsaw stock exchange using the standard Kmeans clustering algorithm. With each cluster we have associated a label which
specifies a type of candlesticks. We have paid particular attention to those types
(labels) of candlesticks which are close to the trend reversals. We have found
that there exist types of candlesticks which frequently tend to appear close to
the trend-reversal regions and others which cannot be found in such regions.
Needless to say, the above results are very preliminary and require careful
reexamination. What is especially important is to find a much more convincing
definition of the trend and the trend reversal than that given in this work in
terms of linear regression slopes. What is more, as often stressed by technical
analysts, the candlesticks are to be considered within the specific market context.
This can be done using other technical-analysis indicators. We hope to report
results of such improved analysis in a forthcoming publication.
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