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∗Telecom Bretagne

Lab-STICC/CID/SFIIS
Université Europénne de Bretagne

Email: alya.itani@telecom-bretagne.eu
†Arts Sciences and Technology University in Lebanon

Faculty of Sciences and Fine Arts

Abstract—the goal of any trader is to buy low and sell high,
and thus make maximum revenue with minimum risk of loss.
Daily price changes in the financial markets leaves traders
with confusion about what decision to make, hold, buy, or sell,
and when to make it. Many market analysis techniques were
introduced to help traders make a winning decision at the right
time, one of which was technical analysis. Technical analysis uses
indicators to forecast trend and price movements, hence aids
traders with the decision making process. This analysis technique
has shown great success, which made it the resort of most
financial traders. However, the efficiency of this type of analysis
is affected by many factors, putting into it a great deal of uncer-
tainty, ambiguity and vagueness. This paper, introduces multiple
probability-possibility decision support systems that studies the
effect of multiple indicators fusion on the risk and revenue
upon making a trading decision. The following systems make
advantage of the statistical claims of probability on historical
data, the interpretation and uncertainty handling competences of
possibility theory, the foreseeing abilities of technical indicators,
and the dependence measuring of mutual information, all merged
together to arm traders with a reliable daily decision that assures
risk-discounted revenue.

Index Terms—Decision Making, Technical Indicators, Hybrid
Probability-Possibility Decision Support Systems, Possibility Fu-
sion, Dubois-Prade Probability-Possibility Transformation, Kull-
back Leibler Divergence, Mutual Information.

I. INTRODUCTION

Although the debate on predicting the financial markets
is ongoing, foreseeing future price movements has always
been the desire of all able brains, from daily traders to
analysts, researchers, and even ordinary hopeful citizens. To
get involved with the market comes the need to analyze it. For
that purpose two quite apparent approaches have originated
throughout the years: fundamental and technical analysis [8].
Ever since it emerged, technical analysis has shown great
efficiency when correctly handled, and thus has become the
subject of attention of many investors. However, despite its
expected foreseeing powers, technical analysis comes with
a fear, since its success is not always granted. This success
often depends on the way signals were interpreted, securities
were chosen, and the accuracy in which indicator parameters
were selected, varying by that in terms of robustness from one
indicator to another.

Behavioral Finance describes in depth the incorporation of
emotions and human psychology and its effect on financial
markets. Tversky and Kahneman [11] have illustrated the
irrationality that comes with human decisions upon panic of
loss especially in times of crisis, leaving Markets not all times
efficient. In order to circumvent these human biases, reasoning
methods and Artificial Intelligence techniques have long been
applied in finance for market prediction and portfolios risk
evaluation. Multiple techniques from neural networks, to fuzzy
logic, probability, and genetic algorithms have been integrated
to finance in order to reach the target of achieving maximum
profit with minimum loss. For instance, Zhou and Dong [19]
incorporate the cognitive uncertainty of technical analysis by
using a Fuzzy logic-based system. Their approach proves the
ability to precisely detect and interpret technical patterns,
compared to usual visual pattern analysis techniques applied
by experts. In [10] Hiemstra presents a stock market prediction
approach, and introduces in it the architecture of a fuzzy logic-
based support system. Another trading model [5] combines
fuzzy logic and technical analysis to help in finding patterns
and trends in financial indices, and is optimized using genetic
algorithms.

The fact that all reasoning methods have their limitations
drove the motivation of researchers towards the world of
hybrid intelligent systems. In their paper [1], Abraham and
Nath propose integrating different learning and adaptation
techniques, to achieve synergistic effects through applying
hybrid intelligence systems. Many hybrid models and ap-
proaches have been tackled in the financial market world of
research. [13] Lin et al. developed a trading system model that
predicts stock indices using a neuro-fuzzy framework, which
generated evident high returns in comparison with other in-
vestment strategies, such as neural networks and linear regres-
sion models. Many more neuro-fuzzy systems were adapted,
for instance it was applied in [16] for financial time-series
prediction, and in [4] for portfolios evaluation. Probabilistic-
fuzzy approaches have also been tackled. In their paper [17],
Van den Berg et al. combined the interpretation of fuzzy logic
with the statistical properties of probabilistic systems, through
following the Takagi-Sugeno (TK) probabilistic fuzzy model
to analyze financial markets. An additional probabilistic-fuzzy



system was put to use for estimating Value at Risk (VaR) that
measures the expected loss of a portfolio [18].

Through this paper, multiple hybrid probability-possibility
based decision support systems are described, tested, and
evaluated under various parameters. Time horizons, indicator
efficiency, fusion techniques and selected indexes, are put into
defiance, in order to investigate the effect of incorporating
multiple indicators instead of individual ones. The follow-
ing study addresses the power of probability and possibility
theories, in handling the confusion lying in financial market
trading process. The targeted objective is to provide traders
with a time saving system that mimics the decision making
process with less risk of loss and more granted gain. The
papers work is presented through 6 sections. Starting with the
current section I, an introduction is presented describing the
objective and logical reasoning that motivated the work flow.
Following, is a look on technical analysis and its indicators
in section II. Section III then describes in details the general
probability-possibility system which acts as a base to the later
introduced decision support systems in section IV.A complete
transparent testing, performance evaluations, and analysis of
all the systems are detailed in section V. Finally, a brief
conclusion and further planned expansion is addressed in
section VI.

A. TECHNICAL ANALYSIS

Technical analysis is the attempt to forecast a security
future price movement, through analyzing its historical data.
Technical analysts believe that the future can thus be found
in the past feature. They also assert that the fundamentals of
security values are all summed up by its price. Therefore,
they resort to using technical indicators to study patterns,
trends, and some other price factors, and accordingly make
their investment decisions [2]. Technical analysis has long
been regarded with skepticism and doubt of its effectiveness.
However, the accumulating evidence of market inefficiency
caused a revival of academic interest in technical analysis
claims. Since then, it has been showing great predictive powers
compared to other strategies and analysis [14], [15], and [6].
Below is a brief overview on technical Indicators, and their
employment along the later proposed work mechanisms.

1) Technical Indicators: A technical indicator is a series of
data points derived by applying simple mathematical formulas,
such as moving averages, means and standard deviations to
past prices or volume data of a security. Following is an
introduction to the selected indices which were well known
with high predictive powers, and have successfully passed the
test of time. Their aim is to distinguish between bullish signals
where the market is optimistic (i.e. buying signals) from the
bearish signal where the market is pessimistic (i.e. selling
signals). Among the huge number of technical indicators, 10 of
the most performing indicators, that have successfully passed
the test of time, were chosen to be later integrated in the testing
and evaluation process. Following is a list of the 10 selected
indicators of all types.
• Relative Strength Index (RSI), momentum oscillator.

• Moving Average Convergence Divergence (MACD) trend
based indicator.

• Commodity Channel Index (CCI), momentum oscillator.
• Bollinger Band (BB), volatility based indicator.
• Simple Moving Average (SMA), trend based indicator.
• Exponential Moving Average (EMA), trend based indi-

cator.
• On Balance Volume (OBV), volume based indicator.
• Rate of Change (ROC), volatility based indicator.
• William Percent Rule (WPR), momentum oscillator.
• Linear Regression Indicator (LRI), momentum oscillator.
2) Calculation and Analysis Samples: This section in-

cludes few examples on the calculation and action analysis
of some indicators, just to give a glimpse on the simple
mathematical notion of an indicator.
• Commodity Channel Index (CCI): aids traders in identi-

fying cyclic patterns of securities. It typically oscillates
between the levels of -100 and 100, a cross above the
100 level asserts that the security is being overbought,
while a cross below the -100 levels asserts that it is being
oversold [2].

CCI =
TP −MATP

c.MD
(1)

Where TP is the typical Price which is the daily average
of a security’s high, low and closing prices; MATP is the
moving average of TP over N-period of time; MD is the
mean deviation which is the average difference between
TP and MATP , and c is a constant with a default value
of 0.015 check [2].

• Moving Average Convergence Divergence (MACD): is
a momentum indicator that follows trends. This indictor
basically shows the relationship between two moving
averages the MA CD, which is a difference between 12-
day Exponential Moving Average (EMA12 days) and the
26-day Exponential Moving Average (EMA26 days) and
the signal line which is an exponential moving average
of the MACD signal itself. EMA is similar to a simple
moving average, except that more weight is given to the
latest data [2].

MACDLine = EMA12days − EMA26days

SignalLine = EMA(MACD)9days
(2)

Bullish signals are generated when the MACD signal
crosses the Signal line upwards, while Bearish signals
are generated when the MACD signal crosses the Signal
line downwards

• Bollinger Bands (BB): BB is volatility indicator, which
mainly includes three bands, the upper, middle, and
lower bands. These bands almost act as moving average
envelopes of the price [2]. Bullish signals are generated
when the Price signal crosses above the upper band,
middle band, or lower band while bearish signals are
generated when the price signal crosses below the upper



Fig. 1. Flow Diagram of the Probability-Possibility General System

band, middle band, or lower band. These bands are
defined as:

MiddleBand = SMA20days (3)
UpperBand = SMA20days + cα (4)
LowerBand = SMA20days − cα (5)

Where SMA is a simple moving average over a period
of time, c is a constant with a default value of 2, and α
is the 20-day standard deviation of price.

Technical analysis and its Indicator can give vast returns
when well interpreted. But it has a great factor of human
emotions affecting it, which necessitates the resemblance of
this human emotion incorporation. The statistical claims of
probability, and reasoning approximation of possibility, are put
into the challenge of efficiently handling this uncertainty and
vagueness that comes with trading in the financial market.

II. PROBABILITY POSSIBILITY GENERAL SYSTEM

The general probability fuzzy system is basically divided
into three modules: Technical Indicator Module (TIM), Prob-
ability Module (PrM), and Transformation Module (TrM).As
illustrated in figure 1, the system takes as an input Time
series with daily prices of any security to be examined, and
it generates an output of possibility distribution functions
representing the degree of membership to the decisions (Buy,
Hold, and Sell) for the respective number of indicators used.
This system is not a decision support system. It acts as the
bedrock to the following proposed decision support systems
in this paper.

A. Technical Indicators Module

The indicator module is the first module in the described
system, it takes an input of N-period daily price data of a
security, and estimates from the introduced prices the values

Fig. 2. Distribution Transformation Example of the CCI Index

of the used indicators through following the mathematical
definition of each

B. Probability Module

This module takes as input the previously estimated indi-
cator values at historically known winning dates of buying,
holding and selling. The winning dates are derived through
subtracting the closing price at date t from the price after five
days t+ 5.

Then for each indicator, the kernel density of indicator val-
ues at the above obtained winning dates is estimated according
to the following formula,

f̂(x) =
1

nh

n∑
i=1

K(
x− xi
h

) (6)

Where K is the kernel density estimator of data sample
(xi...xn), h is the bandwidth used for smoothing. It is a
symmetric function that integrates to one, and n is the num-
ber of indicator values data samples forming the probability
distribution.

C. Transformation Module

In this module, a probability to possibility transformation is
applied by following Dubois-Prade symmetric transformation
techniques [7], transforming by that all indicators probabil-
ity distributions into possibility distributions as illustrated in
figure 2.

The symmetric probability-possibility transformation P →
π suggested by Dubois-Prade, was adopted in this module. It
is defined by:

πi =

n∑
j=i

min(pi, pj) (7)

Where n is the number of indicator data samples used, and
pi and pj are the probability estimates at indices i, j. The
purpose of this transformation is to deduce daily degrees of
membership, on a scale from 0 to 1 from each indicator, to
the three decisions, buy, hold, sell hence prepare the data for
any later fusion processes.

III. DECISION SUPPORT SYSTEMS

In this section, four decision support systems are proposed
and explained.



Fig. 3. Flow Diagram of the Majority Vote DSS.

Indicators Buy(d) Hold(d) Sell(d) Recommded
Decison(d)

Indicator1 0.2 0.1 0.7 Sell
Indicator2 0.6 0.3 0.1 Buy
Indicator3 0.8 0.2 0 Buy
Indicator4 0.1 0.5 0.5 Hold

Adopted decision(d) Buy

TABLE I
MAJORITY VOTE ILLUSTRATION EXAMPLE

A. Majority Vote DSS

As its name indicates this system simply uses the majority
vote of decisions recommended by N indicators used, to aid
the trader in making a decision at a certain date. It uses
the modules of the general prob-poss system with an added
module for majority vote, as illustrated in figure 3.
System work flow description:
• Generates from each indicator a degree of membership

between 0 and 1, to the three decisions buying, holding
and selling. This is achieved by mapping daily indicator
values to the decision possibility distributions deduced by
the earlier described general system

• Considers for each indicator the decision with the maxi-
mum degree of membership as the recommended decision
by that indicator. In case two decisions have the same
degree, the recommended decision is directly considered
a hold.

• Chooses the most frequent decision recommended by
indicators as the majority vote, and thus the adopted
decision at that date. In case of equal frequency of
decisions by indicators, holding is considered the adopted
decision at that date.

Table I describes a simple day sample, interpreting the
work mechanism of the majority system DSS, at a certain
day d. Assuming that four indicators are introduced to the
system, the above indicated steps are applied. According
to the maximum decision membership degrees, indicator 1
recommends selling, indicators 2 and 3 recommends buying
and indicator 4 recommends holding. Therefore at date d
buying is considered the adopted decision, for being the most
frequent or majority vote of indicators.

B. Non-Weighted Possibility Fusion DSS

Similar to the majority vote, this system also uses the basic
modules of the general system, but with an additional possibil-

Fig. 4. Fig. 4. Flow Diagram of the Non-weighted Possibility Fusion DSS.

Indicators Buy(d) Hold(d) Sell(d)

Fusion TechniquesIndicator 1 0.2 0.1 0.7
Indicator 2 0.6 0.3 0.1
Indicator 3 0.2 0.8 0
Maximum 0.6 0.8 0.7 MoMaxs(d)=Hold
Average 0.3 0.4 0.3 MoAvgs(d)=Hold

Minimum 0.2 0.1 0 MoMins(d)=Buy

TABLE II
NON-WEIGHTED POSSIBILITY FUSION ILLUSTRATION EXAMPLE

ity fusion module. The added module employs three possibility
fusion techniques on the decisions possibility distributions of
multiple indicators, allowing indicators to be better represented
in the decision making process, illustrated in figure 4.
System work flow description:
• Generates decision membership degrees by mapping in-

dicator values, as similarly explained in the majority vote
DSS.

• Computes for each decision the Maximum, Average, and
Minimum degrees of membership among that of the
different indicators in use.

• Performing the three fusion techniques: Maximum of
Maximums (MoMax), Maximum of Averages (MoAvg),
and Maximum of Minimums (MoMin). Each technique
will suggest a daily decision individually. This is simply
obtained through computing the highest degree among
the above computed Maxes, Avgs, and Mins.

Table II describes a day sample interpreting the work
mechanism of the non-weighted possibility fusion DSS, at a
certain day d. Assuming that three indicators are introduced to
the system, the decisions degrees of membership are estimated.
The maximum, minimum, and average of each decision is
computed, and then the highest degree of each is accordingly,
selected to be the decision of each fusion technique (bolded
values). At day d in the above example, MoMaxs and MoAvgs
fusion techniques suggest holding, while MoMins suggests
buying. Testing and evaluation of each fusion technique is
addressed in the next section.

C. Weighted Possibility Fusion DSS

Close to the previous presented DSS, this system also uses
the three fusion techniques MoMaxes, MoAvgs, and MoMins.
The novelty of this system lies in allocating for each indicator
a weight factor, which is taken into account along the fusion
process. This reliability incorporation during the fusion, gives



Fig. 5. Flow Diagram of the Weighted Possibility Fusion DSS.

more importance to the more robust indicators. The work
mechanism of this system is similar to the earlier possibility
fusion DSS, with two added steps. One step added to the
probability module of the general system and another to the
possibility fusion module, as illustrated in figure 5.

Additional Steps description:
• Kullback Leibler Divergence DKL, also known as the

relative entropy, is a measure of how different two prob-
ability distributions (over the same event space) are from
each other [12]. It is noted that the distance between the
buy and sell probability distributions describes closely the
robustness of an indicator. The farther the distributions
are, the easier their interpretation is, and vice versa. Thus,
just after estimating the probability distributions in the
PrM, a DKL for each indicator is calculated. The KL
divergence of probability distributions B, S on a finite
set x is defined as:

DKL(B||S) =
∫ ∞
−∞

ln

(
b(x)

s(x)

)
b(x)dx (8)

Where b(x) and s(x) denoting the densities of B and S.
• Sigmoid Function is applied to the DKL of each indi-

cator, in order to transform the earlier computed dis-
tance values in to reliability factors between 0 and 1,
0 < β < 1.

βi =
1

1 + e−γ(DKL)
(9)

Where DKL refers to the Kullback Liebler Divergence
measures, and γ could be any constant value as long as
it is equally chosen for all Indicator reliability factors.
Notice the two extreme conditions:
When βi ≈ 0→ µi = 1 ∀ i, µ′i = 1
When βi = 1,→ µi = µi ∀ i, µ′i = µi

• Incorporating reliability in the possibility fusion module
is applied through an additional step prior to the typical
used fusion techniques. Where, for each indicator the
maximum between its decision degrees and the level
1−βi is calculated, and then the same fusion techniques
are applied on the values of max(Indicatori, 1 − βi).
The purpose of this added step is basically discarding
all non-efficient decision degrees of membership of an
indicator by considering the level 1−βi as the new base

Fig. 6. Flow Diagram of the Dynamically Weighted Possibility Fusion DSS.

for the indicators distribution, thus applying the fusion to
the more efficient decisions.

Indicators 1− βi Buy(d) Hold(d) Sell(d)

Fusion TechniquesMAX(Ind1, 1− β1) 0.3 0.3 0.3 0.7
MAX(Ind2− β2) 0.2 0.6 0.3 0.2
MAX(Ind3, 1− β3) 0.4 0.4 0.8 0.4

Maximum 0.6 0.8 0.7 MoMaxes=Hold
Average 0.4 0.5 0.4 MoAvges=Hold

Minimum 0.3 0.3 0.4 MoMins=Sell

TABLE III
WEIGHTED POSSIBILITY FUSION ILLUSTRATION EXAMPLE

Table III demonstrates the three fusion techniques with
incorporating a reliability factor βi for each indicator at day
d. The degrees of membership are a result of choosing the
maximum value between the level 1 − βi and the original
decisions degrees of membership. The affected degrees are
marked in red. In the above example at date d MoAvgs
and MoMins were the most effected by the added Indicators
weight. The most affected is MoMins, with a complete change
in its recommended decision from buying to selling. A more
detailed testing is addressed in section V.

D. Dynamically Weighted Possibility Fusion DSS

In this DSS, an ongoing update of reliability is added, where
the input of historical price data is distributed into time frames,
of a certain period. Then, a weighted possibility fusion is
applied on each time frame, the flow diagram is illustrated in
figure 6. The work flow description of this system, other than
distributing the price data into time frames, is identical to that
of the weighted possibility fusion DSS. The purpose of this
inclusion, is giving more importance to recent data, and putting
into defiance the effect of any change in the relative entropy
of indicators with respect to time. A detailed and complete
testing, performance evaluation and analysis of all the above
decision support systems is included in the next section.

IV. SYSTEMS PERFORMANCE EVALUATION AND
ANALYSIS

The above proposed decision support systems, are all tested
under multiple varied criterion, putting into challenge all
possible affecting parameters. This allows an accurate analysis,
and a fair judgment of the suggested approaches Figure 7



Fig. 7. Testing Methodology Criterion Summarized.

includes a summary of all included criterion, each to be
explained later individually.

A. Tested Indices

To test the performance of the different systems proposed,
the two most common and traded European indices are used,
the CAC 40 index and the EURO STOXX 50 index. The
benchmark French stock market index CAC 40, represents the
40 most significant value stocks among the 100 highest market
caps on the Paris Bourse [3]. While, Europe’s leading Blue-
chip index for the Eurozone EURO STOXX 50, represents the
50 most leading stocks of the 12 Eurozone countries [9].

B. Evaluation Criterion

The trading process, as a start is considered to be single
share trading. The return or gain in price unit and in percentage
is calculated upon each sell action preceded by a buy action
throughout all testing periods. The performance evaluation of
all systems is considered through calculating and comparing
the Rate on Investment RoI , the Average Return Percentage
%AR, and the Hit Ratio Percentage %HR, of all systems.
The following values are calculated according to the following
formulas:

RoItotal =

n∑
d=1

Selling Costd −Buying Costd−α (10)

%AR =
1

n

n∑
d=1

Selling Costd −Buying Costd−α
Buying Costd−α

× 100

(11)

%HR =
Nwinning decisions
Ntotal decisions

× 100 (12)

Where, Buying Cost is the price of the index at the
buying date, Selling Cost is the price of the index at the
selling date, and n is the same as that of equations (6), and
(7). Nwinning decisions is the number of winning trades, and
Ntotal decisions the total number of trades made.

Fig. 8. Inices Performance in Crisis Times Vs Grawth Times.

C. Studied Time Horizon

The testing is applied on daily data prices of each index,
during multiple varying time periods. The different presented

Studied
Time

Periods
CAC 40 EURO STOXX 50

Short Term 11− 10− 1999 till 11− 10− 1999 till
11− 03− 2000 11− 03− 2000

Long Term 02− 01− 1998 till 02− 01− 1999 till
29− 12− 2000 29− 12− 2001

Crisis 01− 06− 2000 till 02− 12− 2007 till
01− 06− 2003 02− 12− 2009

Growth 04− 04− 2003 till 05− 10− 1996 till
04− 04− 2007 05− 10− 1998

TABLE IV
MULTIPLE TIME HORIZONS UNDER STUDY

time horizons in table V, allows recognizing the effect of
different periods on certain parameters, such as the relative
entropy, and efficiency of the market with respect to time.
This permits a logical and transparent analysis of the systems
behavior. Figure 8 illustrates the different performance of
market indices upon times of crisis and growth, showing
an opposite trending directions. This proves what has been
discussed in section I about behavioral finance and the effect
of humans behavior on the market, leaving it irrational, and
not at all times efficient [11] This fact as mentioned earlier
encouraged our work motivation towards the usage of the
hybrid prob-poss decision support systems.

Indicators
CAC 40

Short Term
(6 months)

CAC 40
Long Term

(3 years)
βLRI 1 0.545
βRSI 0.769 0.524
βMACD 0.989 0.509
βROC 0.912 1

TABLE V
EFFECT OF TIME HORIZON ON ENTROPY

In table V, includes the results of estimating the reliability



factor βi of some indicators, to study the effect of time horizon
on the relative entropy. It is clearly evident that βi of different
indicators change with changed time horizons. Hence, the
relative entropy of indicators is highly affected by time. Note
that the estimation method is interpreted earlier in section IV,
part C. The idea of including a dynamic reliability factor to
the possibility fusion, was inspired by the above noticed effect
of time horizon on both efficiency and relative entropy of
indicators.

D. Indicators Selection Process

In order to choose the best performing indicators, among the
10 introduced indicators, the relative entropy DKL and accord-
ingly the reliability factor βi of each indicator is estimated.
The estimation method is interpreted earlier in section IV, part
C. Equations 9, 10 are respectively applied on each indicator
daily values, for both Indices CAC40, and Euro STOXX 50,
permitting an accurate evaluation of indicators robustness.

Indicators EUEO STOXX 50 CAC 40 Maximum Reliability
βLRI 0.578 0.545 0.578
βMACD 0.526 0.524 0.526
βRSI 0.515 0.509 0.515
βROC 0.513 1 1
βBB 0.510 0.518 0.518
βEMA 0.508 0.517 0.517
βOBV 0.507 0.508 0.508
βCCI 0.506 0.507 0.507
βSMA 0.505 0.513 0.513
βWPR 0.503 0.514 0.514

TABLE VI
INDICATORS RELIABILITY FACTORS WITH BOTH INDICES

As noted in table VI, the four most robust indicators which
gave higher reliability factors than the other indicators are:
ROC, LRI, MACD, and BB. These indicators are selected to
be used in the systems evaluation process.

E. Systems Performance Evaluation Results

For the evaluation process the evaluation criterion detailed
in part C, %AR, %HR are applied on individual indicators
vs. different fusion techniques. The testing is applied on
daily price data of both EURO STOXX 50 and CAC 40
on a time period of 3 years. The results in the above table,

Individual Indicators vs.
Fusion Techniques

EURO STOXX 50 CAC 40
%AR %HR %AR %HR

ROC 0.3110 69.1 0.4511 65.1
LRI 0.6942 67.4 0.2791 58.1

MACD 1.2491 76.7 0.5861 61.9
BB 0.4941 41 0.7014 60

Majority Vote 1.067 77.2 0.6721 61.5
Non-Weighted

Possibility
Fusion

MoMaxs 0.3726 58.1 0.3002 58.3
MoAvgs 1.5026 85.4 1.0023 68.7
MoMins 0.8834 72.7 0.4491 59.1

Weighted
Possibility

Fusion

MoMaxs 0.3441 57.1 0.3002 58.3
MoAvgs 2.0778 82.5 0.5704 66
MoMins 0.5575 63.9 0.3551 59.1

Dynamically
Weighted
Possibility

Fusion

MoMaxs 1.3251 68.5 0.8488 60.2
MoAvgs 3.0034 85.7 1.4486 70
MoMins 1.9240 67.5 1.2920 65

represents the different decision support systems performance

Fig. 9. Comparing Performance of Indvidual Indicators Cumulative Gain Vs.
One Another for both CAC40 and EUROSTOXX50

Fig. 10. Comparing Cumulative Gain MoAvgs Fusion Technique Vs. Best
Performing Indicators of Both Indices

Fig. 11. Comparing Cumulative Gain of Three Dynamic Fusion Teqhniques
Vs. Best Performing Indicators of Both Indices

compared to individual indicators performance. The test is
applied following the earlier detailed estimation steps for each
DSS. The red highlighted values represent the fusion tech-
niques that overcame the performance of the best performing
indicator individually according the average return and hit ratio
percentages.

It is noted in figure 9 that for CAC 40, MACD marked
the highest cumulative gain over the studied period. While,
for EUROSTOXX 50 BB marked the highest cumulative Gain
among studied indicators.

Since the MoAvgs fusion techniques of the three proposed
possibility fusion approaches recorded higher performance
than most other techniques with respect to %AR and %HR,
their cumulative gains are plotted in figure 10 along with the
highest performing Indicator for each index, for comparison
purposes. Figure 11 shows a plot comparing cumulative gain of
the dynamic reliability fusion techniques MoMaxs, MoAvgs,
and MoMins, to study whether they will also overcome other
techniques and best performing indicator with respect to
cumulative gain as succeeded with %AR, and %HR.



It is evident that multiple techniques proved to overcome the
performance of the best performing indicator. The maximum
of averages fusion technique of the three possibility fusion
DSS recorded noted success. Surprisingly, even majority vote
showed a high performance with respect to the hit ratio on
EURO STOXX 50, but not on CAC 40. The most robust fusion
techniques according to multiple tests are the three dynam-
ically weighted possibility fusion techniques, with MoAvgs
being the best performing, with respect to all measures.

V. CONCLUSION

The hybrid probability-possibility approach won indeed the
bet of handling the vagueness, ambiguity, and uncertainty that
accompanies the irrational markets of finance. Some DSSes
showed better performance than expected, with a consensus on
the superiority of the MoAvg fusion technique of all possibility
fusion DSSes. Not to neglect the unprecedented success of
including dynamic reliability factors to the fusion. Many more
approaches of fusion are being applied, and compared to the
presented approach, where also a future portfolio allocation
system that benefits from the hybrid prob-poss DSS is to be
planned and implemented. The field of reasoning methods
application in finance could be considered as a mine of
research, where lies an unlimited horizon of innovation.
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