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Abstract—In the field of technical analysis, some techdong historical data, and have to identify the essential indi-
nical indicators have been proposed to decide investmerators through the small historical samples. For this reason,
decisions and their timings, and are often used together wee apply the Bayesian network [2] to solve the above prob-
improve the decision-making accuracy. However, there iems, and improve trading performance by this specific nu-
no specific guideline to select and combine technical indimerical strategy based on objective historical experiences.
cators, and this selection is one of combinatorial optimiza-
tion problems. Therefore, we applied the Bayesian networ,
to estimate the causality among technical indicators, al
identified the best combination of them. To confirm the va-

lidity of our proposed method, we performed some invest. In the present study, we use major 10 technical indica-

. : ; s together as follows: SMA(Simple moving average),
ment simulations based on real stock data, and conflrmfgé"m er bands, RSI(Relative strength index) fidience
to be able to make investments mof&aent and safer, si- 9 ! 9

multaneous| from moving average, Psychological line, Volume moving
Y- average, Wako volume ratio, DMI(Directional movement
index), and MFI(Money flow index).
1. Introduction As an example, we show how to use the SMA, which
works as a filter to reduce stochastic noises and to extract
It is considered that financial markets have threffedi a market trend hidden in noisy price movements. If we
ent regimes: bullish trend, bearish trend, and range modgenotes(t) as the stock price at the time pfthis indicator
If a market is in bullish trend, then we buy a long positionjs defined by
and if a market is in bearish trend, then we sell a short po-
sition. If a market is in range mode, we wait for a new 1=
trend breaking out. However, it is quitefii¢ult to decide m(t,n) = — Z st - a). (1)
which kind of regime the present market is and how the a=0
regime will change in the near future. For this reason, son%

Technical Indicators

technical analysis indictors have been proposed [1]. The tr% )Ift\)léiosrﬁggosaér ?hgziovr\mlh?tgrtmhessl‘\tllgzg_tr?r)m tS'\éIA
indictors are classified into trend-following, trend-reversal; \\» "'t N 9 »M2), 11

volatility, momentum, and volume indicators, etc. Becaus%ﬁgid eads ggear?%ldet?eﬁrcjos;ﬁ dvﬁzlccgrzgieggrse éhgé tgebumarskieE
each indictor focuses onftirent aspects of a market, it is 9 p y sig

said that we need to use some indictors simultaneously l. On the other hand, when SMA(t, ny) becomes under

improve the detection accuracy of trading chances. Howr tAEhne}(tmrzlazr)keltt 'gh(:;l”eed da,:g glgosvena?recrxgssﬁ(\jlviglfzk(l)lgiedaer;z d
ever, there is no specific guideline to use them together, a 9

therefore it is often decided by our subjective intuition o>, & Sell signal. Therefore, this SMA works as a trend-
experience. follow indicator, and we set; = 5 andn, = 20 as the

In this point, behavioral finance points out that humaf©St Popular days. The other technical indicators we used
judgment embtion and behavior are biased by unco re categorized as trend-reversal (mean reversion) indica-

scious or uncontrollable mental processing. For this reégg.é’:tlgrt"'?Hgg'catgrég?ﬂ"eemgg; 'ng'c?;?r’ gp;mvec;gjrg]?or
son, we are better to make a trading decision only by tHAY! : » W popuiar p

specific strategy based on objective historical experiencees"’.ICh indicator.

One of the possible methods is to calculate the conditional

probability of how the past historical prices changed. A, Application of Bayesian Network

the conditions to clarify this probability, we can apply tech-

nical indicators in this study. However, it isflicult to use The Bayesian Network is the graphical probabilistic
many indicators because it causes overfitting to the historirodel, which is defined by stochastic variables, conditional
cal data or makes the conditional probability unstable espdependences among these variables, and their conditional
cially when the number of historical samples is small. T@robabilities [2]. Stochastic variables are expressed by
avoid these problems, we have to increase the numbermddes, and conditional dependencies between these vari-
historical samples or have to select only essential indicables are expressed by links. Bayesian network is modeled
tors. However, the market structure is often changed by ea&s a non-cycling directed network, the tip of a node is con-
ternal accidents such as the Lehman Brothers bankruptogcted to a child node, and the end of it is connected to
and even politician’s speeches. Therefore, we cannot uagarent node. Here, the conditional probability means the
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possibility of a child node after getting outputs from its par-
ent nodes.

In the present study, we deal with the alternative ques-
tion: whether tomorrow’s stock price will rise or fall. First,

we convert stock priceq(t) into return rates(t) by
s(t) - s(t—1)
st-1)

and express the rise and drop of stock prices by the follow-
ing stochastic variablB:

(i1) Diverging (iii) Converging
(i) Serial path path path

rt) = )

Figure 1: Connection patterns between nodes

sidered as stochastic variables. Hefe>= 1 means thaith
technical indicator shows a buy sign&|,= —1 means that “

it shows a sell signal, an¥; = 0 means that it shows no @

signal.

To compose a Bayesian network, we have to optimize its, . .
network topology on the basis of historical learning datd-19ure 2: Example of an estimated network where solid
For this reason, we use the AIC to evaluate the likelihood @irows mean the dependance on nBfte+ 1), and dashed
each network topology, and maximize this criterion. Howarrows mean the independence from it by the d-separation.
ever, it takes a huge calculation time according to the num-
ber of nodes, that is, technical indicators. To solve this
combinational optimization problem, we use the greedy L .
search algorithm [3] where we find out the most reasonabig smaller or the number of technical indicators is larger,
parents of each child node by a steepest descent methodhe number of the events that the functii) can count

Then, we consider the way of a probabilistic inferenc&€comes so smaller. Therefore, the probability of Eq.(4) is
of P(RX4, . .., X10). If we do not apply the Bayesian net- Often unstable. On the other hand, previous method 2 can

work, we find out the same situations@§(t), ..., Xio(t))  Make it more stable because technical indicators are lim-
from the historical data, and empirically calculate the conited to ones showing signals. However, the causality with

3 1 if r(t+1)>0, - -7
R(”l)‘{ “1if r(t+1) <0, (3) !
On the other hand, technical indicators introduced in Sec.2 @ @
are expressed by, ..., Xi,..., X1o}. These are also con- @

ogs

ditional probability ofR(t + 1) as follows: the target variable is not considered, and therefore there is
a danger that we ignore the essential variables for the prob-
P(R( + )X (1), . .., X10(t)) abilistic inference of Eq.(4). Besides, this method might
4 include independent variables from the target variable as
_ N(R(E+ 1), Xa(1), - . -, X10(1)) @ wellas previous method 1.
N(X1(b), ..., X10(t) ’ Next, as the third method to evaluate Eq.(4), we apply

_ the Bayesian network. At the beginning, we consider the d-
whereN() means the function to count the occurrence oeparation, which is an important property of the Bayesian
its inputs. For example, when the 1st technical indicatafetwork for probabilistic inference. KXi(t) andR(t + 1)
shows a buy signal(t) = 1), and the 4th indicator shows are d-separated b,(t) on a Bayesian network composed
a sell signal X4(t) = —1), and the others show no signalof three nodes, it can be written I}t (t) L R(t + 1)|Xo (1)),
(Xa(t) = 0, X3(t) = 0, Xs(t) = O,..., X1o(t) = 0). Inthis which means that nodk,(t) and nodeR(t + 1) are condi-
case, there are two methods we can consider to calculajgnally independent variables. As shown in Fig.1, there are
Eq.(4). The first method supposes that all varialpheét)}  three kinds of condition patterns. Hepé,(t) andR(t + 1)
are important to infer the target variatiit + 1), and cal-  are d-separated by the following conditions:
culates Eq.(4) bP(R(t + 1)[X1(t) = 1, X4(t) = =1, Xo(t) =
0,...,X0(t) = 0), following the historical data. The sec- - Xo(t) on a serial path shows a signal
ond method supposes that the only variables showing sig-{ . X,(t) on a diverging path shows a signal
nals are important, and therefore Eq.(4) can be calculated| . X»(t) on a converging path shows no signal
by P(R(t + 1)|X1(t) = 1, X4(t) = —1). These methods are
simple and low technique, and so we consider them as pre-As an example, if we obtain a Bayesian network shown
vious methods. Especially, we name the fist method “prén Fig.2, the nodesfecting the target nod&(t+ 1) are only
vious method 1” and the second method “previous methog,(t), X;(t), Xa(t), andXs(t). It is because
2r

In terms of the amount of information, previous method - Xa(t) is the parent node dR(t + 1),
1 has the advantage over previous method 2. However,dif - X7(t) andX4(t) are the children nodes &t + 1),
this method includes independent variables from the taf- . X(t) is the parent node ofa(t).
get variable, their information becomes noise that causes
the overfitting problem and disturbs the accurate estim@-herefore, we do not need to use the other variables inde-
tion of Eq.(4). Moreover, as the number of historical datgpendent fronR(t + 1), and can consider Eq.(4) 8§R(t +
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42. M r val radin rforman
Table 1: Names of each method easures to evaluate trading performance

We evaluate the investment performance by following

Any Indicalors measures: the number of executed tradesthe asset
Timing of checking || /oy 5y | ANy indicators affecting growth rateM, the maximum draw down rafey, the profit
R(t + 1)’s probability show signals R(t+1) factorP;, and the winning rat&,,.

: showsignals_ " First, T(t) means the total number of executed trades un-
Previous method 1 L-A 1-8 N/A til the present time. If each method can detect good trad-
Previous method 2 2-A 2-B N/A ing chances, largeF(t) is better. Otherwise, largdi(t) is
Proposed method 3A 3B 3C worse because it is risky. Then, the asset growth rate is

calculated by
At
MO = 3 ©)
1)IXa(t) = 0, X7(t) = 0, X4(t) = -1, X5(t) = 0). We name
this method “proposed method” in this study. Because o¥hereA(t) means the present total asset, d#ftl) means
proposed method estimates the causality of the target vaffie initial asset. Of course, lardé(t) is better, and we can
ableR(t+ 1), it can solve the overfitting problem that previ-get profits ifM(t) > 1. Next, a draw down rate[%] means
ous method 1 has, and does not ignore the essential nodes A)
differently from previous method 2. = |1— 10 6
0= |1 a1 (6)

4. Investment Simulation and the maximum draw down rate[%] is calculated by

4.1. Outline Ry(t) = {Dt§a<>t<{rd(t’)}. @)

To confirm the validity of our proposed method, we
perform some invest simulations with daily data (closin
price) of 200 stocks listed in the first section of Tokyo Stoc . X
Exchange. Then, the learning data was set about four yedyamely, srral:eled(tt)) is better and safer. Then, the profit
from 1995 to 1999, and the test data for investment simi@ctor Is calculated by
lation was set about 4 years just after the learning data. ¢

his shows how much we lost our asset so far, that is,
he degree of possible danger of an investment strategy.

In the case of estimating a Bayesian network for our pro- AAMAAT) > 0
posed method, 23 out of 200 stocks showed that the tar- ;{ (OIAAL) = 0}
get nodeR(t + 1) is completely independent of the other P(t) = — , (8)
nodes{X;(t)}. In this case, we can consider that any , ,
technical indicators are meaningless, and narRé¢R(t + Z{AA(t JIAAT) < O}
D)IXe(1),. .., Xg0(t)) = P(R(t+1)). For this reason, we omit- v=1

ted these stocks when we applied the proposed method. QRereaA(t) = A(t) — At — 1) = r(t)M(t — 1). If P¢(t) > 1,
the other hand, because previous methods 1 and 2 do @k total profit is larger than the total loss, which means that

estimate the causality &(t + 1) at all, we applied all 200 thjs jnvestment strategy works well. Finally, the winning
stocks to these previous methods. rate[%] is calculated by

Next, we make an investment decision as follows: we

take a long position if the probability &(t+1) = 1 is more t

than6[%], or we take a short position if the probability of Z W(t")

R(t + 1) = -1 is more tham[%)]. Here,0[%] is a threshold t=1

to be set freely. On the next day, we close the position by Ra() = T x 100 ©)

the opposite trade.

Here, there are threeftirent ideas about the timing of whereW(t) is the function to distinguish whether the infer-
checkingR(t + 1)'s probability as shown in Table 1. The ence method of Eq.(4) can get the correct answer or not.
first idea is that we have to check it everyday because the
entry condition mentioned above might be satisfied even 1 if taking a buy position and(t + 1) > 0,
when any technical indicators show no signals. These casggt) ={ 1 if taking a sell position and(t + 1) < 0,
are also considered as good chances based on the historical 0 otherwise
data. On the other hand, it might be able to considered
that these cases are not good chances because any techieghuseR,, corresponds to the inference accuraRy, >
indicators show no signals, and this means that the pres&u[os] means that this inference works well.
market is quite stable, not bullish or bearish. Therefore, the
second idea is that we check tRé + 1)'s probability only 4 3 Results
when any indicators show signals. Finally, if we can learn™ ™"
the causality properly by the Bayesian network, it might The results of investment simulations are shown in
be the best to check it only when any indicatoffeeting Figs.3 and 4. According to Fig.3, the number of executed
R(t + 1) show signals because it is meaningless to focus dradesT of the proposed method is smaller than that of the
the nodes d-separated wiift + 1). This is the third idea. previous methods 1 and 2, which means that the proposed
The seven methods in total are named as shown in Tablertiethod takes positions more carefully. Then, it is natural
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that the number of invested stocks becomes small& as ¢*
is larger. However, previous methods 1 and 2 are not the
case, which means that Eq.(4) was sometimes unstable in %,
the counting process adf(-) and these outliers created in T 10°1
Eq.(4) were over even strict thresha@ldThat is why most

stocks are traded by previous methods 1 and 2. On the
other hand, we can say that our proposed method can es-,y

timate Eq.(4) stably. That is why the number of invested 50 60 70 80 90 100
stocks becomes smaller @ss larger. P 6 [%]

Next, as shown in Fig.3, in terms of the timing of check-g
ing R(t+1)’ s probability, there is no fierence between the =
firstidea A (Everyday) and the second idea B (Any indica®
tors show signals). However, only proposed method coulg 100} .
improve trading performance by using the third idea C iic
50[%)] < 6 < 60[%]. It might be because we focused on. 20r |

the indicators fiectingR(t + 1) to omit noisy information 2 9% 0 2 %0 %0 100

e

of the other indicators. > 0 %
Finally, as shown in Fig.4, the asset growth rsttef our
proposed method was smaller than that of previous meth- o 1-A = 1B eepee 2-A —6—2-B

ods 1 and 2 becauge of our proposed method is smaller
compared with the previous methods. However, if we se-
lect a suitabled, M can be larger than 1 by any methods. )
Then, in terms of the Winning rafe,, the proﬁt faCtOI'Pf, Flgure 3: The number of executed trades shown as the
and the draw down ratgy, the propose method shows theaverage value of all stocks. Then, the number of the stocks
best performance. Namely, we can say that our propose@ded more than once (i.&. > 0) is shown in the bottom
method can predid®(t + 1) more accurately, can improve figure. Each legend is the same as Table 1.

the dficiency of investment, and can reduce the risk of in-
vestment. 14

4 3-A —+4- 3B —— 3C

5. Conclusion JPREE A W

We applied the Bayesian network to estimate the causal- | - = ]
ity among a future return and technical indicators. This  so 35 6 6 70 75 8 8 9 95 100
estimation is one of combinatorial optimization problems. 6 [%]

Then, we inferred the probability of future returns with the ~ © ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘
estimated Bayesian network. Moreover, we discussed the ¢,
suitable timing of this probabilistic inference. As a result, " ss
we could improve the trading performance by focussingon |
the technical indicatorsfiecting the future return. More- -
over, our propose method could enlarge the wining rate s
and the profit factor, and could reduce the draw down rate.
Therefore, our propose method can not only improve the
efficiency of investment but also reduce the risk of it. Asa 2
future work, we need to experiment withftirent markets "7, 5|
and periods. | !
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