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Abstract: There are a number of criteria for the investor to consider before making the final decision,
including Overall Trend, Buying/Selling Pressure, Reward to Risk Ratio of a New Paosition and Potential entry
levels for new long position, etc. When the investment strategies are evaluated from above aspects, it can be
regarded as a fuzzy multi-criteria decision-making FMCDM problem. This research explains a fuzzy hierarchical
analytic approach to determine the weighting of subjective judgments. In addition, it presents a non-additive fuzzy
integral technique to evaluate technical analysts. Since investors cannot clearly estimate each considered criterion
in terms of numerical values for the anticipated alternatives, fuzziness is considered applicable. Consequently, this
research uses triangular fuzzy numbers to establish weights and anticipated achievement values. By ranking fuzzy
weights and fuzzy synthetic performance values, we can determine the relative importance of criteria and decide
the best strategies. We also apply what is called a fuzzy measure and non-additive fuzzy integral technique to
evaluate aquatic investment. In addition, we demonstrate that the non-additive fuzzy integral is an effective

evaluation and appears to be appropriate, especially when the criteria are not independent.
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Introduction

Technical analyst, who has huge market
potential, has been gaining momentum in the
financial market. The complexities are numerous,
and overcoming these complexities to offer
profitable selections is a technical analyst challenge.
It is significant that the limited number of investing
funds should be efficiently allocated over many
stocks. The technical analysts need to evaluate
aquatic return to reduce its risk and to find the
optimal combination of invested stocks out of many
feasible stocks. The purpose of technical analyst is to
minimize the risk in allocating the number of
investing funds to many stocks. In a real problem,
because of the limit number of funds to invest into
stocks, the solution of the portfolio selection problem
proposed by H.Markowitz (1952) has a tendency to
increase the number of stocks selected for technical
analyst. In a real investment, a portfolio manager
first makes a decision on how much proportion of the

investment should go to the market, and then he
invests the funds to which stocks. After that,
maximizing the technical analyst performance is the
primary goal of technical analyst in a corporation.
Usually, the technical analyst return reflects the
profitability of a fund corporation for operating and
improvement. This research explores which criteria,
including the overall trend; Buying/Selling Pressure;
Reward to risk ratio of a new position and Potential
entry levels for new long position by taking as
overall evaluation and adopting the financial rations
as evaluation criteria, can lead to high profitability.
The profitability is evaluated by fuzzy multi-criteria
decision-making (FMCDM), this information could
supports managers’ decision- making.

We use trading prices and statistic data to
evaluate the sub criteria. The trading prices analysis,
which is used to evaluate profitability, involves ratio
analysis, trend analysis. The ratio analysis provides a
basis for a company to compare with other
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companies in the same industry. The trend analysis
evaluates trends in the company financial position
over time. Several alternatives strategies have to be
considered and evaluated in terms of many different
criteria consequenceing in a vast body of data that
are often inaccurate or uncertain. Therefore, the
purpose of this article is to improve an empirically
based framework for formulating and selecting a
technical analyst strategy. We propose a hierarchical
Fuzzy Multi-Criteria Decision-Making (FMCDM)
framework, where we combine AHP and fuzzy
measure techniques in order to determine the relative
weights of each criterion. The proposed strategies are
then ranked using the fuzzy integral technique. To
demonstrate the validity of this technique, an
illustrative case is provided. The consequences
explain the strategies that were adopted by this have
proven to be very profitable in performance. This
also proves the effectiveness of the approach
proposed by this research.

In real world systems, the decision-making
problems are very often uncertain or vague in a
number of ways. Due to lack of information, the
future state of the system might not be known
completely. This type of uncertainty has long been
handled appropriately by probability theory and
statistics. However, in many areas of daily life, such
as technical analyst, stock, debt, derivate and others,
human judgment, evaluation, and decisions often
employ natural language to express thinking and
subjective perception. In these natural languages, the
meaning of words is often vague, the meaning of a
word might be well defined, but when using the word
as a label for a set, the boundaries within which
objects do or do not belong to the set become fuzzy
or vague. Furthermore, human judgment of events
may be significantly different based on individuals’
subjective perceptions or personality, even using the
same words. Fuzzy numbers are introduced to
appropriately express linguistic variables. We will
provide a more clear description of linguistic
expression with fuzzy scale in a later section.

In this research, the fuzzy hierarchical analytic
approach was used to determine the weights of
criteria from subjective judgment, and a non-additive
integral technique was utilized to evaluate the
performance of investment strategies for technical
analysts. Traditionally, researchers have used
additive techniques to evaluate the synthetic
performance of each criterion. In this article, we
demonstrate that the non-additive fuzzy integral is a
good means of evaluation and appears to be more
appropriate, especially when the criteria are not
independent situations. The conceptual investment of
technical analysts is discussed in the next section,
and the fuzzy hierarchical analytic approach and non-
additive fuzzy integral evaluation process for multi-
criteria  decision-making (MCDM) problem are

derived in the subsequent section. Then an
illustrative example is presented, applying the
MCDM  techniques for aquatic investment
processors, after which we discuss and illustrate how
the MCDM techniques in this research are effective.
Finally, the conclusions are presented.

2. Concept Investment of Technical analyst

Technical Analysis is the forecasting of future
financial price movements based on an examination
of past price movements. Like weather forecasting,
technical analysis does not consequence in absolute
predictions about the future. Instead, technical
analysis can help investors anticipate what is “likely”
to happen to prices over time. Technical analysis uses
a wide variety of charts that show price over time.
Technical analysis is applicable to stocks, indices,
commodities, futures or any tradable instrument
where the price is influenced by the forces of supply
and demand. Price refers to any combination of the
open, high, low, or closes for a given security over a
specific period. The period can be based on intraday
(1-minute, 5-minutes, 10-minutes, 15-minutes, 30-
minutes or hourly), daily, weekly or monthly price
data and last a few hours or many years. In addition,
some technical analysts include volume or open
interest figures with their study of price action. At the
turn of the century, the Dow Theory laid the
foundations for what was later to become modern
technical analysis. Dow Theory was not presented as
one complete amalgamation, but rather pieced
together from the writings of Charles Dow over
several years. Of the many theorems put forth by
Dow, three stand out:

e  Price Discounts Everything

Price Movements Are Not Totally Random
e  “What” Is More Important than “Why”

Ghobadi (2014) test the Profitability of
Technical Analysis Indicators to Earn Abnormal
Returns in International Exchange Markets from
2008 through 2013. They conclude that the positive
returns according to technical analysis indicator
returns and these returns is significantly more than
London Interbank Offered Rate. They observe that
the Stochastic Oscillator, Relative Strength Index,
Money Flow Index, Commodity Channel Index,
Simple Moving Average indicators produces the best
consequences, followed by the London Interbank
Offered Rate.

Manzur and Chew (2002) test the performance
of the moving average method and the Relative
Strength Index (RSI), a common counter-trend
indicator, on the Singapore STII from 1974 through
1994. They conclude that technical indicators can
play a useful role in the timing of stock market entry
and exits. They observe that the single moving
average produces the best consequences, followed by
the dual moving average and the RSI. They note that
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technical analysis give returns more attractive to the
trading members of the stock exchange since
transaction costs may tend substantially lower the
gains.

Fama (1960) developed this concept into three
forms of market efficiency, or the market responds to
given information set. Empirical research of weak-
form efficiency of the market categorized as the tests
of trading strategies using historical data. These
statistical tests examine the correlations between
historical prices changes and run testing.

Ben R Marshall and Jared M. Cahan (2006)
evaluated the profitability of CRISMA technical
trading system. They collect information of
companies on CRSP database in the period of
Januaryl, 1976 to December31, 2003 including 200
days of past closing prices and 20 days of past
volume. They examine both long and short CRISMA
filter rules in this study and found that even the
system generates some profit but not consistently.

3. The Technique of Fuzzy Multi-Criteria
Decision-Making

Traditional AHP is assumed that there is no
interaction between any two criteria within the same
hierarchy. However, a criterion is inevitably
correlated to another one with the degrees in reality.
In 1974, Sugeno introduced the concept of fuzzy
measure and fuzzy integral, generalizing the usual
definition of a measure by replacing the usual
additive property with a weak requirement, i.e. the
monotonic property with respect to set inclusion. In
this section, we give a brief to some notions from the
theory of fuzzy measure and fuzzy integral.

3.1 General fuzzy measure

The fuzzy measure is a measure for
representing the membership degree of an object in
candidate sets. It assigns a value to each crisp set in
the universal set and signifies the degree of evidence
or belief of that element’s membership in the set. Let
X be a universal set. A fuzzy measure is then defined
by the following function g: 8 —[0, 1]

That assigns each crisp subset of X a number in
the unit interval [0, 1]. The definition of function g is
the power setN . When a number is assigned to a
subset of X, Ae X, g(A), this represents the degree
of available evidence or the subject’s belief that a
given element in X belongs to the subset A. This
particular element is most likely found in the subset
assigned the highest value.

In order to quantify a fuzzy measure, function g
needs to conform to several properties. Normally
function g is assumed to meet the axiom of the
probability theory, which is a probability theory
measurement.  Nevertheless,  actual  practice
sometimes produces a consequence against the
assumption. This is why the fuzzy measure should be
defined by weaker axioms. The probability measure

will also become a special type of fuzzy measure.
The axioms of the fuzzy measures include:
(1) 9(#)=0, g(X)=1 (boundary conditions);

(2) YABeX, if AcB then g(A)<g(B)
(monotonicity).

Once the universal set is infinite, it is required
to add continuous axioms (Klir and Folger, 1998).

Certainly, the elements in question are not
within the empty set but within the universal set,
regardless of the number of evidence from the
boundary conditions in Axiom 1.

The fuzzy measure is often defined with an even
more general function:

g: B —>[0.1]
where ¥ sothat:
l.gepfand X ef;
2.if Ae 8, then Aep
3. f is closed under the operation of set function;

ie.,ifAef andBe f,thenAUBe S.

The set g is usually called the Borel field. The
triple (X, 8 g) is called a fuzzy measure space if g is
a fuzzy measure on a measurable space (X, £).

It is sufficient to consider the finite set in actual
practice. Let X is a finite criterion set,
X ={x,%,,..,X,}and the power set X be a class of
all of the subsets of X. It can be noted that g({x})
for a subset with a single element, x is called a
fuzzy density. In the following paragraph, we use g;
to represent g({x}) .

The term “general fuzzy measure” is used to
designate a fuzzy measure that is only required to
satisfy the boundary condition and monotonic to
differentiate the A-fuzzy measure, F-additive
measure, and classical probability measure.

3.2 A - Fuzzy measure

The specification for general fuzzy measures
requires the values of a fuzzy measure for all subsets
in X. Sugeno and Terano have improved the A-
additive axiom (Sugeno and Terano, 1997) in order
to reduce the difficulty of collecting information. Let
(X, B ,9) be a fuzzy measure space: 1€ (-1,0).

if Ac f,Be f;and AnB=¢, and

9(AuB)=g(A)+9(B)+19(A)g(B) @

If this holds, then fuzzy measure g is 4-
additive. This kind of fuzzy measure is named A
fuzzy measure, or the Sugeno measure. In this
research we denote this A -fuzzy measure by g; to
differentiate from other fuzzy measures. Based on the
axioms above, the A -fuzzy measure of the finite set
can be derived from fuzzy densities, as indicated in
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the following equation:
gl({x:l_' Xz}) =0,+0,+ lglgz (2)

where g, , g, represents the fuzzy density.

Let set X ={x,X,,.,x,yand the density of
fuzzy measureg, = g,({%}), which can be
formulated as follows:

n n-1 n
9, %% P=D"0+4>. D 9,9, +-+A"'9,9,-9, ®3)
i=1 i =1 i =iy +1

For an evaluation case with two criteria, A and
B, there are three cases based on the above
properties.

e (Case 1: if 1>0, i.e.
g,(AuB)>g,(A)+g,(B), implying that A
and B have a multiplicative effect.

. Case 2: if A =0, i.e.
g,(AuB)=g9,(A)+g,(B), implying that A
and B have an additive effect.

e Case 3: if 1 <0, i.e.
9,(AuB)<g,(A)+9g,(B), implying that A
and B have a substitutive effect.

The fuzzy measure is often used with the fuzzy
integral for aggregating information evaluation by
considering the influence of the substitutive and
multiplication effect among all criteria.

3.3 Fuzzy integral (Sugeno and Terano, 1997;
Sugeno, 1974; Sugeno and Kwon, 1995)
In a fuzzy measure space(X, £, @), let h be a

measurable set function defined in the fuzzy
measurable space. Then the definition of the fuzzy
integral of h over A with respect to g is

[ hedg = sup[@ng(AnH,) ()

a€l0,1]

where H_={xh(x)>a }.A is the domain of the

fuzzy integral. When A=X, then A can be taken out.
Next, the fuzzy integral calculation is explaind
in the following. For the sake of simplification,
consider a fuzzy measure g of (X, ) where X is a
finite set. Let h:x—[0,1]and assume without loss

of generality that the function h(x;) is
monotonically decreasing with respect to j, i.e.,
h(x,)>2h(x,)=--->h(x,). To achieve this, the

elements in X can be renumbered. With this, we then
have

[he0dg = V[ f(x) A g(x)] (5)

where X; ={X, %, %}, i=1,2,--- n.

In practice, h is the evaluated performance on a
particular criterion for the alternatives, and ¢
represents the weight of each criterion. The fuzzy
integral of h with respect to g gives the overall
evaluation of the alternative. In addition, we can use
the same fuzzy measure using Choquet’s integral,
defined as follows (Murofushi and Sugeno, 1991).

[hdg = h(x,)a(X,) +IN(X,1) = ()19 (X 10) + -+ M%) ~h(x,)g (X,) (6)

The fuzzy integral model can be used in a
nonlinear situation since it does not need to assume
the independence of each criterion.

4. Evaluation Model for Prioritizing the technical
analysts strategy

This study utilized the PATTERN (Planning
Assistance  through  Technical Evaluation of
Relevance Number) technique (NASA, 1965, 1966;
Tang, 1999; Tzeng, 1977; Tzeng and Shiau, 1987) to
build up a hierarchical system for evaluating
technical analysts strategies. Its analytical procedures
stem from three steps: (i) aspects, (ii) issues, and (iii)

strategies. In this section, we focus on scenario
writings and building relevance trees. Scenario
writing is based on determining the habitual domain
(Yu, 1985, 1990, 1995) , i.e.,, past problem
understanding, personal experience, knowledge, and
information derived from brainstorming techniques
so as to determine the factors affecting the profitable
selection of technical analysts capability. We
consider the problems from four aspects: (1) Overall
trend (2) Buying/Selling Pressure (3) Reward to risk
ratio of a new position (4) Potential entry levels for
new long position. In addition, the technical analysts
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with investment model classified as S1: Asset
Allocation model; S2: Aggressive Increase model;
S3: Equity Income model; S4: Increase model; S5:
Increase Income model. Based on a review of the
literature, personal experience, and interviews with
senior technical analysts, relevance trees are used to
create hierarchical strategies for improving the
optimal selection strategy of technical analysts.

4.1 Evaluating the technical analysts strategy
hierarchy system

Minimum risk or maximum return is usually
used as the only measurement index in traditional
evaluation techniques. Within a dynamic and
diversified decision-making environment, this
approach may neglect too much valuable information
in the process. Hence, we propose a FMCDM
technique to evaluate the hierarchy system for
selecting strategies. In addition, the issues in the
investment process are sometimes vague. When this
occurs, the investment process becomes ambiguous
and subjective for the investor. The evaluation is
conducted in an uncertain, fuzzy situation and to
what extent vague criteria are realized by research is
unknown (Tang and Tzeng 1999;Chiou and Tzeng,
2002). Evaluation in an uncertain, fuzzy situation
applies to the formulation of technical analysts
strategies as well. We have chosen a fuzzy multiple
criteria evaluation technique for selecting and
prioritizing the technical analysts’ strategies to
optimize the real scenarios faced by manager or
investors.

4.2 The process for evaluating and
prioritizing technical analysts’ strategies

Bellman and Zadeh (1970) were the first to
study the decision-making problem in a fuzzy
environment and initiated FMCDM. In this study, we
use this technique to evaluate various technical
analysts’ strategies and rank them by their
performance. The following subsection explains the
technique of FMCDM.

4.2.1 Fuzzy weights for the hierarchy process

An evaluator always perceives the weight of a
hierarchy subjectively. Therefore, to consider the
uncertain, interactive effects coming from other
criteria when calculating the weight of a specified
criterion, we have used fuzzy weights of criteria.

Buckley (1985) was the first to investigate
fuzzy weights and fuzzy utility for AHP techniques,
extending AHP by geometric means technique to
derive the fuzzy weights.

The fuzzy weights W,

J
criterion is as follows:
W =F, O ®®F,)" %

Where Fj is the geometric mean of each row of

corresponding to each

AHP reciprocal matrix?
I7] :(aj1®'”®éjm)um ©)

4.2.2 Measuring criteria

The evaluators were asked to make subjective
judgments using linguistic variable measurement to
demonstrate  the criteria  performance  with
expressions of effectiveness ranging from “very
high”, “high”, “fair”, “low”, to “very low”. Each
linguistic variable was indicated using a Triangular
Fuzzy Number (TFN) with a range from 0 to 100.

Let EU* indicate the fuzzy performance value in terms

of evaluator k toward strategy i under criteria j and
the performance of the criteria is represented by the
S, then,

Ef=(LES, ME}

ij ij 7

UE}). jes ©)

In this study, we used the notion of average
value to consolidate the fuzzy judgment value of m
evaluators, i.e.,

Ei=(m)0 (E ®F ©--®F (10)

]

The sign U denotes fuzzy multiplication and the
sign @ denotes fuzzy addition. Ei'; is the average

fuzzy number from the judgment of the decision-
maker. It can be represented using a triangular fuzzy
number as follows:

Ef=(LEj,ME}, UE) (11)

ij ! ij ! i
where,

LE} =(@/m)C (Z Lé;j

k=

v;
=1

UES = (1/m)C (Zuéﬁj

AN

M=

ME; = (1/m)C (

=

3

The preceding end value may be solved using
the technique introduced by Buckly (1985) or by
Chiou and Tzeng. (2002).

5. Empirical Study and Discussions

In order to demonstrate the practicality of our
proposed technique of enhancing the performance of
technical analysts, we conducted an empirical study
based on 30 valid samples from 12 Taiwanese
technical analyst companies and 8 research institutes
and universities.

The majority of the respondents were portfolio
managers who are responsible for financial or
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general management. The technical analysts’ strategy
selection process is examined below.

5.1 Evaluating the weights of issues

By using the fuzzy AHP technique, the weights
of the issues and aspects were found and are
illustration in Table 1.

5.2 Estimating the performance matrix

individual range for the linguistic variables employed
in this study based on their judgments within the
range from 0-100. The fuzzy judgment values of
different evaluators regarding the same evaluation
criteria are averaged. In general, fuzzy addition and
multiplication were used to retrieve the average
fuzzy numbers for the performance values under
each criterion indicated by the evaluators for

) ) . technical analysts’ strategy.
In this study, the evaluators define their

Table 1
The weights of issues for evaluating the technical analysts.

Aspects/issues Local Weights BNP of overall weight

Overall trend (0.236 0.427 0.719) 0.461

Keltner Channels (0.114 0.197 0.359) 0.223
Bollinger Bands (0.263 0.437 0.729) 0.476
Moving Averages (0.130 0.242 0.432) 0.268
Price Channels (0.066 0.124 0.226) 0.139
Buying/Selling Pressure (0.218 0.353 0.592) 0.388
Rate of Change (0.119 0.211 0.368) 0.232
Relative Strength Index (0.081 0.143 0.257) 0.160
Stochastic RSI (0.039 0.062 0.110) 0.070

Vortex Indicator (0.097 0.172 0.323) 0.197
Reward to risk ratio of a new position (0.090 0.143 0.244) 0.159
Decision Point Rydex Ratio (0.207 0.323 0.522) 0.351
High-Low Index (0.087 0.129 0.218) 0.145
Volatility Index (0.335 0.548 0.851) 0.578
Potential entry levels for new long position  (0.049 0.076 0.133) 0.086
Standard Deviation (0.130 0.269 0.452) 0.284
Money Flow Index (0.081 0.138 0.270) 0.163
Force Index (0.2530.439 0.776) 0.489
Mass Index (0.095 0.154 0.292) 0.180

Table 2
The evaluation consequences of technical analysts’ strategy

Technical analysts’ strategy ranking

SAW: S4-S3>~S2>~S1~S5
A=-1,0.5; S2-S4>S3>~S1~S5
A=0,1, 3,5, 100; S4-S3>~S2>~S1~S5
A =150; S4-S2-S3>S1-S5
A=200; S4-S1-S2>-S3>~S5

Where: S1: Asset Allocation model; S2: Aggressive Increase model; S3: Equity Income model; S4: Increase model;
S5: Increase Income model.
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Table 3
The synthetic performance of technical analysts’ strategy
A -1.00 | -0.50 | 0.00 1.00 3.00 5.00 | 10.00 | 40.00 | 100.0 | 150.0 | 200.0 | SAW
Aa | 385.2 | 527.9 | 299.7 | 298.8 | 297.8 | 297.1 | 296.0 | 293.7 | 292.4 | 291.5 | 291.0 | 303.4
Ag 606.7 | 971.2 | 310.8 | 309.7 | 307.6 | 306.0 | 303.2 | 297.1 | 294.0 | 291.8 | 290.8 | 317.3
Ei 459.0 | 6725 | 312.8 | 311.8 | 309.5 | 307.6 | 304.5 | 297.5 | 294.4 | 291.7 | 290.5 | 318.7
G 553.2 | 856.7 | 314.6 | 313.7 | 311.7 | 310.2 | 307.5 | 301.3 | 297.9 | 295.6 | 294.5 | 320.8
Gi 351.1 | 441.0 | 275.7 | 273.9 | 271.7 | 270.4 | 268.5 | 265.2 | 263.9 | 263.1 | 262.7 | 277.8
. Lo performance, but it also has the largest deviation in
techr?i.cEal EX:II;;:,OSQM?QS}I prioritization of the performance. In other word, the_r_nore aggressive the
The empirical evidence in this research funds are, the more VOIat'“ty. of the_ fund
indicates that the weight of criteria such as overall performance will be. However, the increase income
. . model has the smallest expected performance. Next
trend (0.461), Buying/Selling Pressure (0.388), was asset allocation model
Reward to risk ratio of a new position (0.159) and '
Potential entry levels for new long position (0.086). 5.4 Discussions and managerial implications
So the overall trend was the most significant factor to This study focuses on providing a technical
influence the performance of technical analyst, next analysts strategy for the companies of technical
was the Buying/Selling Pressure. Some econometric analysts so that they may be profitable in their
techniques are improved to simultaneously estimate decision-making. Our empirical study demonstrates
the magnitudes of these portfolio performance the validity of this technique. In this study, the
evaluation measures. The consequences illustrate that technical analysts’ strategy stems from four aspects:
technical analysts are on average with positive overall trend, Buying/Selling Pressure, Reward to
security selection and negative overall trend ability. risk ratio of a new position as well as Potential entry
It means that technical analysts are on average better levels for new long position. The related issues,
with selectivity ability than with overall trend ability. evaluation criteria and strategies are defined in this
Therefore, the technical analysts should enhance the research.
ability of overall trend, the performance of technical Technical analysts have difficulty in utilizing
analysts can be better. the proper strategy. The major reasons are the
The fuzzy synthetic performance of each uncertain and dynamic environment and numerous
alternative using different A is as illustration in criteria that they are facing. Managers are hence
Table 2 and Table 3. In table 2, our empirical overwhelmed by this vague scenario and do not
consequences illustrate that when A1<O0,the make proper decisions or allocate resources
consequences illustrate that S2 “Aggressive Increase efficiently. The hierarchical technique guides the
model” was the most significant strategy. In addition, manager how to select the model of technical
S4, “Increase model” was selected as the second analysts in the uncertainty environment. Wlth the
most  significant  strategy. When  1>0,the help of this model, managers can employ different
consequences illustrate that S4, “Increase model” experts to conduct the same proposed procedures and
was the most significant strategy regardless of the §e|ect the best |r!vestment altgrnatlve. The SL.’b.JeCt'V.e
variation of 4. Moreover, S3, “Equity Income JUdgme.nt. arld risks of _n?aklng wrong .deCISIOﬂS 1S
» L then minimized. In addition, this technique can be
model” was selected as the second most significant lied t ve different kinds of problems b
strategy. When 4>150, S2 replaces S3, becoming appiied 1o sOlve ere S O problems Dy
the number 2 ranking. Nevertheless, A 200, S1 rr_10d_|fy|ng the constructs of_ the hierarchy trees and
. ! ! finding the appropriate solution.
replaces S2 and S3, becoming the humber 2 ranking.
We can infer that the asset allocation model more
efficiency when multiplicative effect exists. 6. Conclusion
~ From Table 3, we know that when 4was The technical analyst is moving rapidly towards
bigger, the synthetic performance was smaller. financial market improvement in response to
Therefore, these consequences implied that technical increasing market demand. The traditional quantity
analysts have no multiplicative effect. Therefore, technique does not solve the complex problems of
from investment model average illustrates that the technical analyst improvement. Therefore, what is
aggressive increase model has the largest maximum needed is a useful and applicable strategy that
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addresses the issues of improving technical analysts.
This study addressed this issue in a more rational and
objective fashion by using a FMCDM technique to
achieve this goal.

Few studies have addressed technical analyst
related strategy planning. Providing that this is a first
attempt to formally model the formulation process
for a technical analyst’s strategy using FMCDM, we
have the confidence that the analysis here is a
significant theoretical contribution to the literature,
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