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Abstract. Alternative selection of a portfolio has been a challenging research area in
finance and investment decision making. Recent advances in single Decision Support
Systems (DSS), soft computing and machine learning models are to solve the problems
in selection of alternatives under uncertain market and risk environments. These models
have not considered concurrently uncertain values including quantitative and qualitative
stock-market factors, together with experts’ feelings and preferences about market dy-
namics. This affects the capability of an investment system to deal with various market
conditions. The study is to solve the existing problems in the selection of the most ap-
propriate alternatives (companies, company groups and stocks) at the right time for stock
trading. In this paper, we propose Hybrid Intelligent DSS models using Kansei Evaluation
integrated with other single DSS techniques, aiming to aggregate experts’ preferences with
the selection of the most suitable stocks to achieve investment returns and risk reduction
by dealing with complex situations in market dynamics. The proposed models have been
tested and performed well in both simulated trading results and real-world stock trading
on the HOSE, HNX (Vietnam), NYSE and NASDAQ (US) stock markets to validate the
integrated DSS methods in various stock markets. In order to evaluate the effectiveness
of this approach, experimental results show that the proposed approach performs better
than other current DSS methods and hybrid models to select the right alternatives at the
right trading time under uncertainty and risk.
Keywords: Intelligent decision support system (DSS), Kansei evaluation, Self-organiz-
ing map (SOM), Group decision support system (GDSS), Stock market investment

1. Introduction. In real-world problems, alternatives in a selection are dynamically
changing in uncertain environments, which are challenging in DSS nowadays. When
considering uncertainty in processes of multiple decisions for the selection of alternatives
in dynamic environments, models that use a single Decision Support System (DSS) have
faced limitations for the selection of alternatives in complex situations under uncertainty
and risk. Feasible single DSS models include methodologies for selection of companies
or stocks in financial time series, multi-objective optimization of expected investment
return and risk reduction. In Decision Support Systems (DSS) and Expert Systems (ES)
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applications [12, 38], the approaches are concerned with decision making on stock trading,
instead of quantitative and qualitative factors in analysis. These approaches have faced
limitations of market conditions when decision makers select companies or stocks for
investment.
When trading stocks, stock assessments are significant decision-making problems af-

fected by dynamic market conditions, market trends and market risks. Even using several
commercial trading stock software applications and intelligent systems to make trading
decisions, investors may face uncertain conditions in dynamic stock market environments
such as government policies, bank interest rates, world stock market prices, financial rule
changes, and real-time stock trading trends. Risk management mostly involves utilizing a
variety of trading activities and financial analysis, one of the most complicated stock trad-
ing skills for professional traders [20]. Successful investors employ many risk management
skills for stock trading, as they know how important it is to avoid mistakes when invest-
ing in the stock market. Fundamental analysis aims to select potential stocks based on
study of the fundamental data of a company such as financial weights, macroeconomics,
financial proportions, and stock-market news [21]. Contrary to this approach, technical
analysis attempts to predict price by analyzing historical data of the correlation between
prices and market behavior volumes for trading stocks [5, 21]. Furthermore, the trading
behaviors of group/individual investors are commonly affected by the news published by
economic news, websites and other publishing news. In real-time trading stocks, uncer-
tain values including market conditions, investor emotion, sensibility and impression in
selling/buying stocks on dynamic stock environments may affect uncertain conditions on
a stock market.
In related works [11,22,25-32], many studies have shown appropriate approaches of

forecasting price based on historical data of a stock market. Hybrid intelligent systems,
soft computing models and DSS methods provide cohesive presentations and classifications
for problems in stock trading and decision [11,20-26]. Recently, the new approach using
Rule-base Evidential Reasoning [39] is concerned with the synthesis of the fuzzy logics and
Dempster-Shafer theory and presented in stock trading naturally. Although this approach
is recently shown in an expert stock trading system based on evidential reasoning, the
limitation of this approach is that it selects superior stocks at the suitable trading time
mostly based on historical data, technical analysis indicators, and trading rules. According
to the related works mentioned above, most research is only concerned with quantitative
factors, such as index values, technical indicators, financial factors and volume behaviors
based on historical data. In addition, these models have not been considered concurrently
uncertain values including market conditions, quantitative and qualitative stock-market
factors, together with experts’ feelings and preferences about trading decisions. This
affects the capability of an investment system to deal with various market conditions.
This paper presents a framework using Hybrid Intelligent DSS including three proposed

models (Hybrid SOM-AHP, Hybrid Kansei -SOM, Hybrid Kansei -risk SOM) for the se-
lection of multiple alternatives under uncertainty in the domain of stock trading. This
framework which uses qualitative and quantitative attributes of alternatives, together with
expert sensibilities under uncertain market conditions, aims to find out a short list of ap-
propriate alternatives (companies, company groups, and stocks) for investment. In terms
of stock selection in real-world trading, the advantages in this study include addressing
these issues as follows: (1) To enhance capability for investment returns of the proposed
framework, this uses uncertain values consisting of quantitative and qualitative factors
to evaluate companies for investment; (2) To select appropriate companies in trading de-
cisions, the quantification of expert sensibilities and impressions about stock trading in



APPLICATIONS USING HYBRID INTELLIGENT DSS 41

market conditions allows the proposed model to determine the potential companies (su-
perior stocks) at the right time for stock trading; To confirm these models’ performance,
we have selected Vietnam and US stock markets, representing economically developing
and developed countries. The proposed system was tested and performed well in daily
stock trading on the HOSE, HNX (Vietnam), NYSE and NASDAQ (US) stock markets
through case studies and compared with the new approach using Rule-base Evidential
Reasoning [39], using similar data sets under the same conditions.

The remainder of this paper is organized as follows. Research backgrounds and prob-
lems are mainly discussed in Section 2. Section 3 presents a framework using Hybrid
Intelligent DSS for selection of alternatives under uncertainty and risk. The data col-
lection in experiments for data process are mainly described in Section 4. Experimental
results through case studies of the trading system are demonstrated in Section 5. The
evaluation shows the experiment results of the models in comparison under the same data
sets and conditions of stock markets to validate the proposed methods in this framework,
as demonstrated in Section 6. Finally, Section 7 concludes this paper.

2. Research Backgrounds. According to Gass [3, 9], the problem of decision is the se-
lection from competing alternative solutions. A Group Decision Support System (GDSS)
can be a key strategic combination in group interaction and decision making through
expert preferences [7, 38]. Group decision makers may dynamically change their decision
preferences during the group decision-making process in terms of alternative selection.
Dynamic problems involve risks that may occur with uncertain timing. This applies to
application domains such as dynamic markets, stock markets, and financial investment
markets. In stock trading, there are many complex situations in various domains by
dealing with dynamic decision problems. Furthermore, investors may face uncertain con-
ditions in dynamic stock market environments, such as government policies, bank interest
rate changes, world stock market prices, financial rule changes and real-time stock trad-
ing trends [5]. To select alternatives in market dynamics, decision makers have faced
uncertain market conditions and risky decisions.

In multiple decision making processes, Group Decision Making (GDM) can be applied
to coordinate decision making in individuals in order to solve complex business problems
[30, 38]. Decision makers can share their ideas and learn how previous decisions have been
made. In other words, GDSS can be used in solving problems for decision makers with
multiple criteria. In the study, DSS models are integrated with a Self-Organizing Map
(SOM), using Decision Making or GDM for optimal alternative selection under uncertainty
and risk.

In general, a clustering algorithm is a division of data into groups of similar objects.
There are a number of clustering methods for visualizing various data sets, such as K-
means, Partitioning Around Medoids (PAM), Support Vector Machine (SVM), evolution-
ary, hierarchical clustering, and partitioning algorithms [10]. These algorithms have some
limitations in complex data sets and integration of expert knowledge during the modeling
process. The advantage of SOM is data mapping which is easily interpreted. In addition,
a SOM is capable of organizing large and complex data sets [2]. However, the disadvan-
tages of SOM are that it is difficult to determine what input weights to use mapping in
divided clusters. Uncertain values, market conditions and expert preferences are difficult
to aggregate in a conventional SOM model.

In DSS techniques, Professor Thomas Saaty set out to develop a mathematically-based
technique for analyzing complex situations which was sophisticated in its simplicity [9, 11].
Analytic Hierarchical Process (AHP) was developed in the 1970s and a technique for
organizing the information and judgments was used in making decisions. This technique
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became known as the AHP and has become very successful in helping decision makers to
structure and analyze a wide range of problems.

2.1. Kansei evaluation. Kansei Engineering (KE) [17, 18] has been developed as a
methodology to deal with human feelings, demands, and impressions of business appli-
cations. Kansei is a Japanese term meaning sensibility, impression, and emotion [8, 22].
In trading stocks, Kansei Evaluation makes it possible to quantify investor perception,
sensation, cognition, and sentiment about trading actions such as buying-selling decisions
and investment risk events. In Kansei Evaluation, we have determined adjective pairs
called Kansei words: Synonym – Antonym, Synonym – Not Synonym. For instance, the
pairs of adjectives good – bad and successful – unsuccessful are Kansei words. These
Kansei words are influenced by the hierarchical factor structure [26, 27]. To evaluate
companies in terms of stock trading evaluation and investment risk, Kansei evaluation is
used to quantify expert sensibilities under uncertain market conditions.
Let XS = {XS

1 , X
S
2 , . . . , X

S
m} be a set of Kansei words which are used to evaluate

companies, where m is the number of Kansei words. In order to quantify investor’s
sensibilities in stock trading, we have refined the most important Kansei words in XS to
evaluate a company with respect to criteria and stock market factors in stock market S.
Let W S

m = {W−
m ,W+

m} be opposite pairs of Kansei words with respect to XS
m. Suppose

that P senior investors collect their preferences by surveys. To evaluate company CS
j , its

Kansei weight wt
ij represents the i -th Kansei word of the j -th company evaluated by the

t-th investor.

2.2. Fuzzy logic and fuzzy reasoning. Fuzzy logic is defined as fuzzy set-based meth-
ods for approximate reasoning under uncertainty, a subtopic of Artificial Intelligence (AI).
In particular, Fuzzy logic is to represent expert knowledge in a rule-based style that re-
flects this knowledge [14, 15]. Fuzzy reasoning [13] enables approximate human reasoning
capabilities to be applied to knowledge-based systems. After the first introduction of the
fuzzy sets and fuzzy logic [14, 15], the idea of the reasoning was introduced by L. A. Zadeh
[16].
In this study, linguistic expressions can be used to represent rules for expert decision

situations and uncertain market conditions are represented in fuzzy rules. Common Sense
Human Reasoning [8, 28] can be presented as an integration of fuzzy reasoning and rules,
quantitative knowledge and reasoning evidence.

2.3. Data sets for matrices construction. The purpose of Kansei stock matrix con-
struction is to quantify Kansei, stock-market data sets, together with expert preferences
for evaluation of companies, representing in fuzzy weight values [0, 1]. There are three
matrices which have been constructed for the framework.
To evaluate a company based on quantitative stock-market factors, quantitative factors

consist of financial weights obtained from a stock market to normalize these weights in
fuzzy weight values [0, 1]. For getting quantitative factor weights of each company from
a real-time stock market, we apply a Sigmoid function [28] to normalizing quantitative
factors, supported for experts to evaluate a company.
Let BS = {BS

1 , B
S
2 , . . . , B

S
h } be a set of group companies in stock market S, where h

is the number of group companies. Let CS = {CS
1 , C

S
2 , . . . , C

S
n } be a set of companies in

stock market S, where n is the number of companies in stock market S. CS
i ∈ BS

j and CS
i

represents the i -th company belonging to the j -th company group in the same industry.
Let fS = {fS

1 , f
S
2 , . . . , f

S
l } be a set of qualitative factors in stock market S, where l is

the number of qualitative factors. Factor fS
j is evaluated by expert preference so that

each factor has a different significant factor degree.
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Let BR = {BR
1 , B

R
2 , . . . , B

R
p } be a set of potential group companies for investment,

where p is the numbers of potential group companies in system result R. Let GR =
{GR

1 , G
R
2 , . . . , G

R
k } be a set of risk group companies for risky investment, where k is the

numbers of risky group companies in system result R.
{KS

n×m|(i = 1, . . . , n, j = 1, . . . ,m)} is a Kansei matrix construction, where n and m
is the number of companies and Kansei words respectively.

{QS
n×g|(i = 1, . . . , n, j = 1, . . . , g)} is a Quantitative-qualitative matrix of stock market

S, where n is the number of companies and g is the number of quantitative and quali-
tative factors. A Quantitative-qualitative stock matrix QS

n×p is constructed, representing
in membership weight values [0, 1] for the results of qualitative and quantitative factor
quantification of company assessments.

{MS
n×p|(i = 1, . . . , n, j = 1, . . . , p)} is a Kansei stock matrix of stock market S, where n

is the number of companies and p is the number of Kansei words, qualitative factors, and
quantitative factors. A Kansei stock matrix MS

n×p is constructed, representing in fuzzy
weight values [0, 1] for the results of Kansei evaluation and company assessments.

{pSt (t = 1, . . . , c)} is a set of stock trading strategies and Decision matrix {AS
q×k|(i =

1, . . . , q, j = 1, . . . , k)} represents expert decisions about stock trading in stock market S.
An expert provides his/her preference βS

i . Further more, an expert may evaluate stocks
in terms of investment risks based on his/her preference γS

i . Both βS
i and γS

i can be defined
in a five-point scale (0: oppose, 0.25: almost oppose, 0.5: have no preference, 0.75: almost
agree, 1: agree). An expert decision matrix AS

q×k is constructed and risk decision matrix

RS
q×v is the similar decision matrix manner.

A Kansei stock matrix MS
n×p is constructed by joining Kansei matrix KS

n×m and

Quantitative-qualitative matrix QS
n×g with the Decision matrix AS

q×k, where n is the num-
ber of companies, k = m+g is the total number of dimensions (Kansei words, quantitative
and qualitative factors) and p = t+ n is the total number of dimensions (companies and
experts). The constructed matrices are shown in Figure 1.

Figure 1. Construction of Kansei stock matrix
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3. Hybrid Intelligent DSS for Selection of Alternatives under Uncertainty and
Risk.

3.1. Framework for selection of alternatives under uncertainty and risk. We
propose a framework for the selection of multiple alternatives (companies, stocks, and
company groups) under uncertain market conditions and risky decisions. This framework
aims to optimize trading decisions in the selection of multiple alternatives and reduce
risky decisions for investment. Figure 2 shows the proposed framework consisting of three
integrated intelligent DSS, for selection of alternatives from a large number of alternatives
by aggregating either individual or multiple expert decisions, aiming for optimizing trading
decisions and reducing risky decisions.
This framework consisting of its components is described as follows:

• Data Model: The data model includes quantitative and qualitative stock-market
factors, uncertain market conditions and expert preferences and sensibilities. The
data model of stock market investments is used to apply various market conditions
on stock markets such as HOSE, HNX, NYSE and NASDAQ.

• DSS Database: The database consists of Kansei data sets which respond from
investors and experts based on their preferences. In a stock market environment,
quantitative and qualitative factors obtained from a stock market are evaluated by
decision makers. Most processes of training data sets and fuzzy rules are executed
in the DSS database.

3.2. Framework for selection of alternatives by steps. The proposed framework is
shown in Figure 2 for the selection of stock in trading decisions. This framework uses
uncertain values of quantitative and qualitative factors, together with the quantification
of expert sensibilities and preferences in uncertain environments. These weights can be

Figure 2. Framework for selection of alternatives in stock market investments
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transformed through for the framework, represented in interval values [0, 1]. These data
sets, including Kansei and stock-market data sets, are updated in the DSS database.

Step 1. Hybrid SOM-AHP Model is to rank a short list of companies for
investment

The first model, called the Hybrid SOM-AHP model, is a Self-Organizing Map (SOM)
integrated with Analytic Hierarchy Process (AHP). This model using an individual expert
aims to select short-list investment alternatives in rankings for stock trading. Stock market
factors including qualitative and quantitative factors are structured in the hierarchical
model. Additionally, these factors are also placed in Quantitative-qualitative matrixQS

n×g.
Step 1.1. Alternative attribute distance definition. To calculate differences

among Kansei stock attributes of companies, the Kansei stock distance dSCi→Cj
between

two vectors DS
Ci

and DS
Cj

represents attributes of companies CS
i and CS

j respectively, as

defined by Euclidean distance given by Equation (1).

dSCi→Cj
=‖ DS

Ci
−DS

Cj
‖ (1)

Step 1.2. Finding appropriate companies for investment by SOM training.
A stock matrix QS

n×g is visualised by SOM to find similar features of stocks in terms of
hight financial weights, considered by an expert. These group results in a SOM map are
shown in a short list of companies for investment.

Step 1.3. Evaluating short-list companies for investment using Analytic Hi-
erarchy Process (AHP). To rank the alternatives in the short-list companies, these
alternatives are used in AHP model to evaluate the companies for investment by checking
consistency ratios (CR), where RI is the random index and CI is the consistency index.
Decision makers input data sets in the judgment matrix if CR is less than 0.1. The AHP
results are appropriate companies in short-list rankings for investment.

Step 2. Hybrid Kansei-SOM model for selection of companies matching with
trading strategies

Step 2.1. Expert preference distance definition. Expert preference distance
dSei→ej

between two vectors DS
ei
and DS

ej
represents expert preferences, as defined by Eu-

clidean distance given by Equation (2).

dSei→ej
=‖ DS

ei
−DS

ej
‖ (2)

Step 2.2. Visualizing Kansei stock matrix by SOM. The Kansei stock ma-
trix MS

n×p is visualized by SOM in order to find the similar attributes of companies by
aggregating expert preferences, matching with appropriate trading strategies.

Step 2.3. Calculating Kansei stock weights by identifying distances between
expert and the average of expert group. The distance between expert and the
average of expert group xt

ij at iteration t of each group is expressed by Equation (3).

xt
ij =

1

K

K∑
ξ=1

wt
ξj − vtij (3)

where
xt
ij represents a member of expert decision matrix.

wt
ξj represents the Kansei stock weight of the ξ-th expert preference for the j -th Kansei

word, or quantitative and qualitative factor, in order to calculate the distances between
expert preference and other member preference within his/her group.

vtij represents the Kansei stock weight of the i -th expert preference for the j -th Kansei
word, or quantitative and qualitative factor, which is a member of both the Kansei stock
matrix and expert decision matrix.
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K is the number of experts in the group; (j = 1, . . . , p) and p is the number of Kansei
words, or quantitative and qualitative factors.
Step 2.4. Updating Kansei stock weights of an expert decision matrix. An

expert decision matrix AS
q×k is updated by its weights given by Equation (4). After that,

the expert decision matrix AS
q×k is joined with Kansei stock matrix MS

n×p and its weights

are updated to MS
n×p.

vt+1
ij = vtij + vtijx

t
ij (4)

where K is the number of experts in each group. To select trading strategies (pS1 , p
S
2 , . . . ,

pSc ), K ∈ [1, . . . , c] is the number of experts in each group, representing in its trading
strategy.
To aggregate multiple expert trading decisions, the similar steps are repeated between

Step 2.2 and Step 2.4 until c expert groups are updating weights to the expert decision
matrix completely in training process.
Step 3. Hybrid Kansei SOM risk model for selection of companies under

risk
Step 3.1. Alternative risk attribute distance definition. To calculate differences

among Kansei risk attributes of companies, the Kansei risk distance dRCi→Cj
between two

vectors DR
Ci

and DR
Cj

also represents attributes of companies CR
i and CR

j in terms of

investment risks respectively as defined by Euclidean distance given by Equation (5).

dRCi→Cj
=‖ DR

Ci
−DR

Cj
‖ (5)

Step 3.2. Visualizing Kansei risk matrix by SOM. The Kansei risk matrix QS
n×p

is visualized by SOM in order to find the similar attributes of companies by aggregating
expert preferences in terms of investment risks.
To eliminate risky stocks, we apply similar steps to calculate Kansei risk weight among

expert preferences, as given by Equation (3) from Steps 2.3 to 2.4. These alternatives are
clustered in groups, occurred by risky decisions.
Step 3.3. Comparison of the results by SOM visualization. After the Kansei

stock and Kansei risk matrices are visualized by SOM, these SOM results are showed
on a map. Assume that BR

i and ΓR
i are appropriate company groups in SOM results of

Kansei stock matrix and Kansei risk matrix, respectively visualized by SOM. The final
result on a map of the proposed system is determined by the following conditions.

IF CS
j ⊆ BR

i AND CS
j * ΓR

i THEN

CS
j is a potential company (superior stock) for investment

ELSE CS
j is not a candidate.

Based on Kansei stock distance among expert preferences with the closest company
having similar attributes, the final result on a map is shown in selected superior stocks,
matching with appropriate trading strategies and eliminating risky stocks.

4. Experiments. The framework including three models (Hybrid SOM-AHP, Hybrid
Kansei -SOM, Hybrid Kansei -SOM Risk) have been implemented by C++ and PHP lan-
guages for web applications. We has selected Vietnam and USA stock markets, rep-
resenting economically developing and developed countries, to apply the models in this
framework for stock trading. To validate the performance of this framework, these models
have been tested and performed well in simulated trading and real-world stock trading
by experiments in case studies on the HOSE, HNX (Vietnam) and NYSE and NASDAQ
(USA) stock markets.
In case studies for stock market investments of this framework, experiments in real-

world stock trading have been conducted by the experts. In this study, we planned
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data collection for on-line by Internet and off-line by surveys and interviews in data
collection to international financial and securities companies in Hanoi, Vietnam. The
experiments collected data sets with 12 experts from 8 international nationalities in the
fields of economics and financial at Graduate school of Economics, Ritsumeikan University
and 5 experts working at Vietcombank securities, VietinBank Securities, Maritime bank
securities and other international financial companies for real-world trading and simulated
trading results on the HOSE, HNX (Vietnam) and NYSE, NASDAQ (USA) stock markets
from the period of March 2012 to April 2013.

In the experiments, we have conducted experiments through case studies in daily real-
world stock trading on the HOSE, HNX, NYSE and NASDAQ stock markets. There
was a group of three to five investors and experts participating in each trading period for
making the surveys of data connection during the experiments. In the Internet online and
off-line data connection, survey forms are used to collect investors/experts and surveys
in the experiments using a five-point scale definition (0: oppose, 0.25: almost oppose, 0.5:
have no preference, 0.75: almost agree, 1: agree). Interviews for experts are considered in
market conditions that use fuzzy rules present these conditions in the framework. After
collecting data sets from experts and investors, we have conducted the experiments of
these models (Hybrid SOM-AHP, Hybrid Kansei -SOM, Hybrid Kansei -SOM Risk) using
virtual trading systems. The results of stock selections in experiments have set feedbacks
to experts and investors. Feedbacks of expert and investors are good for improvement of
these models’ performance.

In the preliminary experiment, the surveys were done by 12 investors with 8 companies
for the HOSE (Vietnam) stock market. We have collected 36 Kansei words and 23 sig-
nificant stock-market factors [26, 27]. In a stock factor structure, the AHP model as the
hierarchy model is constructed by decomposing a problem in the hierarchy of elements in
levels: objectives, criteria, sub criteria and alternatives. To study global stock markets in
Japan, Vietnam, Australia and the USA, we have constructed the AHP model with the
factors’ hierarchy structure consisting of 23 significant stock-market factors influencing in
a company evaluation. These factors have been used to construct a stock matrix for Hy-
brid SOM-AHP model. The first level has four criteria (company assessments, financial
ratios, technical indicators, investment risks). In the second level, company assessment
criteria have 5 significant factors (structure and management system, organization, plan-
ning strategy, brand name, period evaluation) evaluated with 11 Kansei words. Most
significant factors in financial ratios consist of 7 factors (P/E (price-to-earnings) ratio,
EPS (earnings per share), P/B (price-to-book) ratio, ROE (return on equity) ratio, ROA
(return on assets) ratio, market price, profit margin) evaluated with 9 Kansei words. In
technical analysis, technical indicators include 5 significant factors (stochastic oscillator,
moving average convergence, moving average divergence, relative strength index (RSI), a
moving average weight) that are strongly related to market price, trading volume and his-
torical statistic data. There are 10 Kansei words, based on investors’ feelings, to evaluate
the technical indicators. For instance, investment risks consists of 6 factors (input price
risk, economic risk, equity risk, interest rate risk, political risk, financial risk) that use
6 Kansei words in an evaluation such as Popular-Unpopular, Confirmed-Unconfirmed,
Determined-Undetermined, Failed-Not failed, Certain-Uncertain, and Safe-Risky.

In terms of risk management for an evaluation, Kansei words are relevant to investment
risks criteria such as company assessments, stock market risks, and environment risks that
affect to evaluate companies. We have collected 20 Kansei words and 14 significant stock-
market factors, influencing 3 criteria for company evaluation on a stock market in terms
of risk management [28, 29].
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4.1. Application of hybrid SOM-AHP model in case studies of real-world stock
trading. Mechanisms of Hybrid SOM-AHP model are from Steps 1.1 to 1.3, as described
in Section 3.2. Experiments of the proposed model have been done by expert in financial
and economy at Ritsumeikan University on the HOSE and HNX stock markets from June
to October 2012, and carried out by the the expert with data collection in surveys of
experts from Agri-Bank and Vietcombank securities companies within five stages in this
system: (1) real-world stock data sets obtained from a stock market are evaluated by
expert in order to construct a stock matrix; (2) the quantitative-qualitative matrix is
visualized by SOM training and screens out the company groups from among hundreds
of companies for investment; (3) the potential companies (superior stocks) are identified
based on financial factor weights in decision making results; (4) AHP is applied to select
the companies in rankings for investment; (5) appropriate actions (buying, selling and
holding) are determined by expert decisions, based on market conditions.

4.2. Application of hybrid Kansei -SOM model in case studies of real-world
stock trading. Mechanisms of Hybrid Kansei -SOM model is from Steps 2.1 to 2.3, as
described in Section 3.2. Here is one of the experiments on the NYSE and NASDAQ stock
markets in the year of 2012, being carried out by investors and experts from Agri-Bank
and Hanoi-Saigon securities’ companies within four stages in this system: (1) real-world
stock data sets obtained from a stock market are evaluated by experts’ preferences in order
to construct a Kansei stock matrix; (2) the Kansei stock matrix is visualized by SOM
training and screens out the potential companies (superior stocks) from among hundreds
of companies for investment; (3) the potential companies (superior stocks) are matched
with appropriate trading strategies for investment; (4) appropriate actions (buying, selling
and holding) are determined by expert preferences, based on Kansei evaluation in market
conditions. The experiments through case studies are applied to real-world stock trading
using the Group Decision Support System (GDSS) for investment.

4.3. Application of hybrid Kansei SOM risk model by aggregating expert
decisions and reducing risky decisions. Mechanisms of Hybrid SOM-AHP model are
from Steps 3.1 to 3.3, as described in Section 3.2. A Hybrid Kansei SOM risk model is
an extendable model of risk management, based on the Hybrid Kansei SOM model. Risk
management is applied in the Hybrid Kansei SOMmodel, aiming to reduce risky decisions
and stock risks. The proposed system was tested by expert working at financial and
economics over 600 companies on the NYSE stock markets and 5 experts for stock trading
in the period from May to October 2012. The experiment was carried out by experts
from Ritsumeikan University, VietcomBank and international securities companies. To
begin this experiment, experts loaded data sets and determined appropriate companies for
investment. Factors of a stock market and pairs of Kansei words are used in the Kansei
stock matrix that represents 37 dimensions (Kansei words, quantitative and qualitative
factors) for evaluation of 160 companies. To evaluate companies in terms of investment
risks, investment risk factors and pairs of Kansei words are used in the Kansei risk matrix
that represents 28 dimensions (Kansei words and stock-market risk factors) for evaluation
of 160 companies. Kansei data sets and company attributes of the companies were input
to this system. After SOM training, the map showed a group of companies, as shown in
Figure 3.
The final result showed the Kansei stock distances among the appropriate companies in

a group on the map. The expert selected the closest companies by reducing the maximum
Kansei stock distance of the companies and eliminating those that have a distance greater
than the selected threshold. The expert selected the map results based on the map of
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Figure 3. The results of companies for investment evaluated by experts

Figure 3. For the next step, the expert decided to select companies (CSCO, GOOG,
DHG, F and IBM) for investment, as shown in Figure 4(a).

In the proposed system, the Kansei risk matrix was also visualized by SOM as shown
in the map of Figure 4(b); the final result showed the closest risky stocks based on Kansei
risk distances, selected by expert preferences. The system recommends the companies
(GOOG and FII) eliminated from a list of investment companies. Compared with the
list for investment, the superior stocks (CSCO, DHG, F and IBM) were selected for stock
trading. These stocks were invested from the period of June to October 2012 using a
virtual stock trading system. To determine trading actions (selling or holding), expert
sensibilities considered using Kansei evaluation in stock trading, together with specific
market conditions during the period. The profits of these stocks were estimated at 10%,
9%, 11% and 9%, for CSCO, DHG, F and IBM respectively when calculated for investment
returns.

5. Result and Discussions in Three Models. In order to evaluate the effectiveness
of the proposed models for stock trading, a proposed model investment performance in
winning stocks is calculated from the average of ratings between profits and losses for
the successful investment companies based on trading signals on the stock markets. To
evaluate the capability of the proposed system by making profits on the HOSE, HNX,
NYSE and NASDAQ, we have calculated the average profits that would be applied by
trading stocks from the period of March 2012 to April 2013. Experimental results were
calculated by experts in real-world stock trading. These proposed models have been tested
in real-world stock trading with multiple expert preferences objectively who are currently
working at Vietinbank and Maritime-bank securities, and Graduate School of Economics,
Ritsumeikan university from various nationalities. In three trading models, experimental
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(a) The map result of appropriate companies (superior stocks)

(b) The map result of risky stocks

Figure 4. The final results on SOM maps

results also demonstrate that the proposed models are able to provide accurate stock
selection at the right time for trading to yield higher profits.
In the experiments, we have also conducted tests and experiments in comparisons with

separated DSS methods and the latest stock trading system. In experiments, decision
makers use SPICE SOM [41] which is SOM model for testing data sets when compared
with the other models. In result discussions, these models using Hybrid Intelligent DSS are
used to select appropriate alternatives at the right trading time for investment. The first
model, called the Hybrid SOM-AHP model, is a Self-Organizing Map (SOM) integrated
with Analytic Hierarchy Process (AHP). This model aims to select short-list investment
alternatives in rankings for stock trading. In experimental results, quantitative and qual-
itative stock-market factors are visualized by SOM, in order to find grouping companies
for investment. Based on the high financial weight results of decision making in appro-
priate grouping companies, AHP is used to select the best alternatives in rankings for
investment. The investment system is estimated only at 68-70% in an overall evaluation.
The profit average percent was estimated from 7-8% with high risks (30-32% unsuccessful
investment companies). In comparison of Hybrid SOM-AHP model and SOM model [41]
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for simulated results, the results of real-world stock trading and simulated stock trading
show proportion of successful investment companies of the Hybrid SOM-AHP model and
SOM model are from 68% to 70%, and from 53% to 58%, respectively on the NYSE and
NASDAQ, from the period of May to March 2013. Experimental results show that the
model has limited functions when dealing with market dynamics, affected directly to stock
prices of companies on the stock markets.

In various market dynamics, trading results were calculated from experts, performed in
real-world stock trading on the HOSE, HNX, NYSE and NASDAQ. The second model,
called the Hybrid Kansei -SOM model, is integrated by SOM with Kansei evaluation
for optimized trading decisions and selected alternatives with trading strategies. This
model is used to quantify qualitative and quantitative attributes of alternatives, together
with expert preferences and sensibilities under uncertain market dynamics for selection
of alternatives at the right time in stock trading. In terms of winning stocks (successful
investment companies), average investment performance of the proposed model has been
calculated at about 88% with 10% profits, using a Mixed investment strategy on the NYSE
and NASDAQ. Furthermore, it reached 91% with 12% profits and 92% with 11% prof-
its using Short-term investment and Long-term investment strategies, respectively. The
experimental results consistently show that the proposed approach using GDSS yielded
successful investment companies, from 10% to 12% in terms of profits. In addition, aver-
age profits in expert trading results on the HOSE and HNX are estimated higher than 5%
trading profits on the NYSE and NASDAQ. Regarding the experimental results of expert
feedbacks, short-term investment was an appropriate trading strategy on the HOSE and
HNX.

In the third model, Hybrid Kansei -SOM Risk model aims to reduce risky decisions
and alternative risks under uncertain conditions. Risk management, including invest-
ment risk factors and Kansei -risk words is used to identify stock risks and reduce risky
trading decisions. The results show proportion of winning stocks in the model are the
highest (94%) with 15% profits on the the HOSE, HNX and (96%) with 11% profits on
the NYSE, and NASDAQ. Compared with Hybrid Kansei -SOM model performance, the
Hybrid Kansei -SOM Risk model performance reduced risky stocks from 3% to 5% bet-
ter than Hybrid Kansei -SOM model performance. It is evident that winning trades and
losses of the proposed model are better than those of Hybrid Kansei -SOM model.

6. Evaluation of proposed models. In case studies of selection for stock trading, we
have investigated how these models perform with respect to various market conditions.
In this study, the processes of data collection for experiments is shown in Figure 5.

Recently, the new method using Rule-based Evidential Reasoning approach (RER) [39]
is concerned with the synthesis of the fuzzy logics and Dempster-Shafer theory and pre-
sented in stock trading naturally based on evident reasoning and tested on an actual
stock market. Although this approach has been recently shown in an expert stock trading
system based on evidential reasoning, the limitation of this approach is that it selects
superior stocks at the suitable trading time mostly based on historical data, technical
analysis indicators, and trading rules. In particular, we have employed and tested this
approach using Wealth-lab Developer 5 software in daily stock trading with various stock
market conditions. The experimental results show that the success of a trading system
performance relies on overall up-trending signals of stock indices and technical indica-
tors. The Hybrid Kansei -SOM model (HKS), Hybrid Kansei risk-SOM model (HKRS),
and Rule-based Evidential Reasoning model (RER) have been tested in real-world stock
trading under the same market conditions and data sets. To evaluate capability for in-
vestment returns of the proposed system, there are 7 experts from May to October 2012
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and 3 experts from October 2012 to April 2013, running in experiments for these trading
results objectively under the same market conditions and data sets, as calculated in the
average profits that would be made by these trading stocks. Stock market investment
outcomes must be accounted for when calculating investment returns in various stock
market conditions. The proposed system has been performed well in daily real-world
stock trading for investment on the HOSE and HNX (Vietnam), NYSE, and NASDAQ
(US) stock markets, as shown in the experimental results in Table 1.
As observed from Table 1, the percentages of profits in the HKS, HKRS and RER

are 10-12%, 11-13% and 6.5-7.5% respectively, as calculated by seven experts performed
objectively on the NYSE and NASDAQ. On the HOSE, HNX, NYSE and NASDAQ, the
average profit percents of the HKS, HKRS are higher than RER about 3-4%. Compared
with HKS and RER, the HKRS model has the highest investment performance (11-13%)
with winning stocks (successful investment companies 91%). It indicates that the HKRS
provides a better profit percentage than those of the HKS and RER.
In further experiments, there are 12 experts from Ritsumeikan University, Maritime

bank, Vietinbank, Vietcombank, and other financial-securities companies conducted in
the experiments and interviews for identifying market conditions. Average winning stocks
in real-world trading result done by these experts objectively on the NYSE and NASDAQ
from May to October 2012 are shown in Figure 6.
The experimental results show that percentages of winning stocks in the proposed

approach are mostly evaluated by four expert groups for real-world stock trading on US
stock markets. The results consistently show that the HKS and HKRS models using
yielded successful profits with winning stocks (85-91%), which was higher than that of
RER on the NYSE and NASDAQ.
In further experiments, the experimental data consists of 6 months for simulated trading

stocks based on real-time data sets obtained from Yahoo Inc Stock Prices and Market
Watch Online on the NYSE and NASDAQ from the period of January to June 2012. When

Figure 5. Models in evaluation
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Table 1. Experimental results on the HOSE, HNX, NYSE and NASDAQ

The HOSE and HNX The NYSE and NASDAQ
Models Avg.%

Profits
Avg.% winning stocks

Avg.%
Profits

Avg.% winning stocks

Hybrid Kansei
SOM (HKS)

10-12% From May to October
2012: 80%

10-11% From May to October
2012: 85%

11-12% From October 2012 to
April 2013: 81%

10.5-11% From October 2012 to
April 2013: 84.5%

Hybrid Kansei
-Risk
SOM (HKRS)

11-13% From May to October
2012: 90%

10.5-12% From May to October
2012: 91%

12-13% From October 2012 to
April 2013: 91%

10-12% From October 2012 to
April 2013: 92%

Rule-based
Evidential
Reasoning
approach
(RER)

7-8% From May to October
2012: 70%

6.5-7.5% From May to October
2012: 75%

7-9% From October 2012 to
April 2013: 70%

6-7.5% From October 2012 to
April 2013: 75%

Figure 6. Winning stocks in trading results by multiple experts

investing in similar stocks, experts carried out simulated stock trading objectively and
showed average winning stocks of these models through experimental simulated trading
results as summarized in Table 2.

In terms of winning stocks (successful investment companies), average successful invest-
ment companies of the HKRS have been calculated at 92.5% with the highest selected
stocks in making profits, done by seven experts in simulated trading results with the same
market conditions and data sets. Additionally, it reached 81.4% and 72% winning stocks
applied by HKS and RER, respectively. The experimental results consistently show that
the HKRS and HKS yielded successful investment companies, was higher than that of
RER. In further testing experiments of the proposed models (HKRS and HKS), the esti-
mation results are also achieved through expert feedbacks and experiments show that the
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Table 2. Evaluation of simulated stock trading results

Models

Hybrid
Kansei-SOM
(HKS)

Hybrid
Kansei
Risk-SOM
(HKRS)

Rule-based
Evidential
Reasoning
approach (RER)

Expert
name

Avg.%
winning
stocks

Expert
name

Avg.%
winning
stocks

Expert
name

Avg.%
winning
stocks

BAYU 7/9 (77%) BAYU 8/9 (85%)
DANNIAR 8/10 (80%) DANNIAR 9/10 (90%)

LINH 5/6 (83%) LINH 6/6 (100%)
MAFUT 8/10 (80%) MAFUT 9/10 (90%)
MURAT 6/7 (86%) MURAT 7/7 (100%)
TUYEN 8/10 (80%) TUYEN 9/10 (90%)
CUONG 6/7 (86%) CUONG 7/7 (100%) CUONG 5/7 (71%)
DIEP 8/10 (80%) DIEP 9/10 (90%) DIEP 7/10 (70%)

NG. HA 9/11 (81%) NG. HA 10/11 (91%) NG. HA 8/11 (73%)
NGOC 10/12 (83%) NGOC 10/12 (92%) NGOC 9/12 (75%)
THANG 8/10 (80%) THANG 9/10 (90%) THANG 7/10 (70%)

Avg.%
Winning
stocks
in total

81.4% 92.5% 72%

Avg.%
Failed
stocks for
investment

18.6% 7.5% 28%

proposed models perform well in real-world stock trading to deal with complex situations
of dynamic stock market environments.

7. Conclusions. The framework including three models (HS, HKS, HKRS) is a new
method for stock trading in order to enhance investment capability and the effectiveness
of the stock trading investment system. This framework using Kansei evaluation is to
quantify experts’ sensibilities and preferences about stock trading with uncertain values
in market dynamics, selecting companies that match appropriate stock market investment
strategies for investment and reducing risky decisions. Experiments using real-world stock
trading from Vietnam and United States stock markets indicate that the proposed ap-
proach obtains good investment results in term of profitability, successful investment
companies, and investment performance. Regarding the overall investment outcome and
performance of these models, it is consistently demonstrated that these models have per-
formed better than its individual DSS methods and these results validated the effectiveness
of these models in various stock market conditions. When applying risk management, the
Hybrid-Kansei SOM model performance has enhanced for the the improvement of the
performance and reduce risky trading decisions.
Further improvement of an individual company stock price prediction can be considered

in future studies. In dynamic investments, the individual company stock price prediction
is to deal with complex situations on dynamic stock market environments. To solve the
problem, a new model will be integrated by Kansei Evaluation and SOM using updated
Kansei stock distance weights with clustering and negotiating expert preferences that
improve the effectiveness of stock trading investment systems.
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