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Abstract. This paper presents a proposal for a Decision Support System sensi‐
tive to the user’s context in the area of investment. This area is especially compli‐
cated due to the complex nature of the stock market. Therefore, a context-sensitive
decision support can be a great support for investors. In the literature survey on
DSS for investments in the stock market could be found that very little has been
explored regarding the investor profile in financial decisions-making systems.
Any practical experiment was not found where the investor profile has been
applied on the recommendations for investment in the stock market. The work
emphasized the main points to be considered in the User Context implementation
for decision support systems development. The main motivation for this work
was to demonstrate how the performance of Decision Support Systems for invest‐
ment in stock market could be improved through the application of user context
to their recommendation models. A recommendation system for buying and
selling of stocks, based on genetic algorithms, was implemented and measured
the performance in various test scenarios, with user profiles and without user
profile features. The system configured without user profile, often performed
below results than the different profiles modeled and implemented. To confirm
the preliminary results, the ANOVA test was conducted and the null hypothesis
was refuted at 0.0001 level.
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1 Introduction

Context-aware computing is an important area for Decision Support Systems (DSS).
These systems often help people make decisions by analyzing the several options with
greater speed, in order to obtain better results for their problems. By using the user
context, the solution employed is closest to the user reality and expectations.

This paper presents a proposal for a Decision Support System sensitive to the user’s
context in the area of investment. This area is especially complicated due to the complex
nature of the stock market, being very difficult to elaborate a model able to predict the
stock price. Therefore, a context-sensitive decision support can be a great support for
investors.
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The work emphasized the main points to be considered in the context of User imple‐
mentation for decision support systems in a context user. Therefore, the main motivation
for this work was to demonstrate how the performance of Decision Support Systems for
investment in stock market could be improved through the application of user context
to their recommendation models.

During the research, some tests was applied to measure and compare the results of
the application of user context in Decision Support Systems. In this simulation, a recom‐
mendation system of buying and selling of stocks, based on genetic algorithms, were
implemented and measured the performance in various test scenarios, with investor
profile configuration and without user profile features. The work identified and modeled
different investor profiles and their features by creating classes in JAVA programming
language to encapsulate all aspects related to the user profile for investment in stocks.

In the literature survey on DSS for investments in the stock market could be found
that very little has been explored on the profile of the investor in financial decision-
making systems (Lipinski 2008; Louwerse and Rothkrantz 2014; Baba et al. 2002).
However, the research of Samaras and Matsatsinis (2004) addressed the subject in a
theoretical form, modeling a portfolio allocation system based on the investor profile.
Any practical experiment was not found where the investor profile has been applied on
the investment recommendations in the stock market.

In order to evaluate the results of user context adoption in decision support systems
for investment, the system based on Genetic Algorithms of Lipinski (2008) was imple‐
mented and extended with characteristics of Conservative, Moderate and Aggressive.
Several simulations were done in different time scenarios, comparing the profitability
of the system with user profile and without user profile features. In the end, the results
were analyzed and submitted to the ANOVA test.

2 Related Works

A literature survey was done in order to evaluate the Decision Support systems for
investment in the stock market. This paper sought an overview of the strategies and
techniques used by these systems and identify possible improvement opportunities.

The search process of this survey was done through consulting the data sources from
August to October 2015, being revised in November 2015. After applying the inclusion
and exclusion criteria, there were 80 articles found. From there, all selected papers were
read to perform the collection of information.

The analyzed papers developed Decision Support Systems for stock trading. In
general, the systems succeeded in their recommendations, so that simulations made with
real data were able to get attractive earnings. After processing the results, it was possible
to verify that Artificial Intelligence (AI) is present in most of the works found. This is
in line with the tendency of Decision Support Systems to embody AI techniques to
aggregate knowledge into decision-making, verified by Perraju (2013). Some authors
even (Huang 2012; Lipinski 2008; Baba et al. 2002) use more than one IA technique to
compose the solution model for the problem.
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The most used techniques are Neural Networks, Genetic Algorithms and Fuzzy
Logic. Together they are present in 70% of the total. The Fig. 1 shows the graph with
the main techniques of Artificial Intelligence used on the development of Decision
Support Systems for investment. This metric counts only traditional Artificial Intelli‐
gence techniques, it does not consider new techniques developed by the authors.

Fig. 1. Artificial intelligence techniques used in decision support systems

It is possible to verify a tendency of the more recent works to be more complex and
to use hybrid models (two or more AI technique). While older papers employed simple
models (only one AI technique). Most of the works found (65%) still have simple AI
models, while the remaining ones (35%) innovated adopting hybrid models.

These systems are recommended for all investors who wish to invest in stocks.
However, considering the articles found in the literature survey, there is no distinction
among the types of users that may be using the system. That is, the investor is treated
in a generic way, and his personal characteristics are not considered.

3 User Context

Context-sensitive computing is a paradigm defined by Schilit (1995) that studies
methods for modeling and using context information. The context consists of the
following components: where the user is, with whom the user is and what resources are
nearby (Schilit 1995). According to Sánchez-Pi et al. (2012), context information can
be user location, time, space, device type, meteorological conditions, user activity, what
people or devices are nearby, etc. However, Dey (2001) defines context as any infor‐
mation that can be used to describe the state of an entity. Chen et al. (2000) still classifies
the context in Physical (environmental factors, usually captured by sensors), Computa‐
tional (hardware resources available) or User (user profile, focused on his needs, pref‐
erences, and mood).

Considering the user as part of the context, Kang (2008) differentiated context into
two types: internal and external. Internal context describes the user’s state, for example,
his emotional state. The external context refers to the state of the environment, such as
location, time, etc.
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Within the computational area, it is possible to say that a system is sensitive to context
if it offers relevant information and services to the user. This relevance depends exclu‐
sively of the user preferences (Dey 2001). Sánchez-Pi et al. (2012) state that context-
sensitive systems must be able to adapt to context changes in order to maintain quality
of service for users.

In the Stock Market environment, the user context concept is clearly perceived in
the investor personal characteristics. Although there are several types of financial
investments available to the investor. Not all investment are recommended for all people,
because each type of investment has its peculiarities. In order to know if an opportunity
is right for a particular person, it is important that the investor knows his profile. After
performing this analysis, it is possible to select the best investment options, avoiding
possible future frustrations with an inappropriate recommendation to the investor profile
(Rambo 2014).

According to Haubert et al. (2014), it is fundamental to choose the investment
according to the investor characteristics and needs. Thus, it is possible to recommend
riskier or more conservative assets, according to the individual preferences of each
person.

The Como Investir (2014) website did a survey of the main factors that affect the
profile of the investor. According to this research, the characteristics found that most
exert influence are age, value available for investment, horizon, risk tolerance and prior
knowledge.

One of the currently used techniques by financial institutions to assist the profile
identification is the Investor Profile Analysis (IPA) questionnaire (Como Investir 2014).
The work of Souza (2005) compared three risk tolerance questionnaires from different
US financial institutions. According to the research, after analyzing the questionnaires
answered, these institutions classify investors into three groups: Conservative, Moderate
and Aggressive.

In the Conservative profile, investors are mainly looking for security and liquidity
in their investments, not being willing to take risks in their applications in a way that
prioritizes the preservation of equity to the detriment of portfolio profitability (Frankberg
1999). According to Frankberg (1999), in general, they are adults over 40 years of age,
married with children and financially stabilized.

The Moderate profile look for a balance between security and profitability. People
in this profile are willing to take some risk in order to get better returns. They have some
knowledge about the market and evaluate in each investment whether the risk outweighs
the profitability (Frankberg 1999). According to Frankberg (1999), individuals between
30 and 40 years old, with children and married form this group. They are susceptible to
small losses due to the search for greater profitability.

The Aggressive profile is made up of investors that aim at maximum profitability
and have high-risk tolerance. Most of your portfolio is for riskier applications, and
especially for stocks. Therefore, this profile is subject to greater losses than the others
(Frankberg 1999). According to Frankberg (1999) the Aggressive is the profile that most
dedicates time to their investments and, generally, they are the youngest investors,
singles and without children.
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4 Evolutionary Decision Support System for Stock Trading Using
User Context

4.1 Methodology

A paper from the literature review was selected to be implemented and become possible
the comparison of the results of the system with user profile and without user profile
features. The following selection criteria was used: the works should provide their algo‐
rithms in order to allow the system to be implemented and tested, use some of the most
used Artificial Intelligence techniques in DSS for investment, and more recent publica‐
tions were selected instead of old ones.

From the described criteria, the following work was selected for the implementation
and execution of the simulation: Evolutionary Decision Support System for Stock
Market Trading (Lipinski 2008). This system used Genetic Algorithms in its develop‐
ment. This technique is one of the most used by the authors in the development of
Decision Support Systems for investment, according to literature survey (Sect. 2).

4.2 Evolutionary Decision Support System for Stock Market Trading (Lipinski
2008)

Lipinski (2008) proposed a Decision Support System, based on Genetic Algorithms, to
recommend buy and sell stocks on the Paris Stock Exchange. This system works by
analyzing the signals given by the technical analysis indicators, and consolidates this
information to compose recommendations for buying and selling stocks.

The system treat the individuals as a set of weights associated with the indicators of
technical analysis:

y = (w1, w2,… , wn)

where w represents the weight associated with each indicator of the technical analysis.
Initially, random weights are assigned to each individual chromosome. From there,
output signals are calculated through the weighted average of the indicators multiplied
by their respective weights:

s = (w1.f1(K) + w2.f1(K) +… + wn.fn(K))

where K represents historical stock price data and f are the indicators of technical anal‐
ysis. The algorithm recommends buy stocks if the output signal s is greater than the
upper limit (0.5), and recommends sell stocks if the signal is less than the lower limit (–
0.5). The author tested the Sharpe, Sortino and Sterling metrics for the fitness function,
achieving the best results with the latter.

The algorithm (Fig. 2) adopted a very simple stock trading strategy. Whenever a buy
recommendation is made, the algorithm simulates the purchase of half of the available
equity capital. Similarly, when there is a sell recommendation, the algorithm simulates
the sale of half of the stocks it owns.
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Fig. 2. Investment strategy based on genetic algorithms. font: LIPINSKI, Lipinski 2008

The first step of the algorithm is to create the initial population P. This population
of solutions is generated with N individuals of random weights between 0 and 1, giving
rise to M “child” individuals. After creation, the performance of P is evaluated by the
fitness function chosen. Then, several genetic operations are performed with the popu‐
lation so that it evolves. Firstly, the selection of M individuals of P is done to compose
the population Pp, so that the fittest individuals are more likely to be selected. Then,
crossover of Pp is done to create a new population Pc, this also goes through the process
of mutation. Finally, the sets of solutions P and Pc are compared, remaining only the
fittest individuals. This process is repeated until the solution population stops evolving.

In order to test the system effectiveness, the author performed an experiment with
Renault (RNO.PA) stock from September 03 to November 23, 2007. The best results
occurred when the algorithm was configured with 200 individuals, 300 children indi‐
viduals, and using Sterling as fitness function. The system achieved a return of 0.1734%,
above the –6.0% loss on the stock price in the same period.

This low return may even be enough for conservative investors, but it would certainly
displease the more bold investors. Despite this, the algorithm was able to make a profit
for the investor, while in the same period, only buying and holding the stock would mean
a loss of 6.0%.

4.3 Implementation of Evolutionary Decision Support System for Stock Trading

The JAVA programming language was chosen for the implementation. A free tech‐
nology allows the development of Genetic Algorithms, essential for the accomplishment
of this work. As data source, the paper used historical stock price data, provided by
Yahoo Finance (2016). These data were useful both for the training of the algorithm and
to perform all the test scenarios of this work.

In order to verify if the system implementation is in accordance with the algorithm
proposed by Lipinski (2008), the same test performed by the author was repeated with
the implemented system. Thirty simulations were performed with the RNO.PA stock,
in order to confirm if the same results would be obtained in both cases. Unfortunately,
as the author did not inform the period that he used to train the algorithm, the training
period was established from January to November 2005. The results of the simulations
are available in Fig. 3 and it can be considered close to the results obtained by Lipinski
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(2008). The difference found in some values can be justified by some possible difference
in the period used for training the algorithm that is not specified and cannot be found.

Fig. 3. Boxplot chart of simulations RNO.PA Sep/03 to Nov/23, 2007

Once the system was completed, the focus turned to the development of the User
Profile. The inheritance and polymorphism features of object-oriented programming
were used to allow the system to support different user profiles. Thus, the abstract class
Strategy has been created, and all other user profile classes inherit from that same
“model” class, but each has its own peculiarities. The AutorStrategy class implements
the original model without a User Profile, and the other classes ConservativeStrategy,
ModerateStrategy, and AggressiveStrategy represent respectively the investor profiles.
The user profile classes differ from the system developed by Lipinski (2008) on the
following questions: fitness function, limits for output signals, and stock trading strategy.

In the Conservative profile, the fitness function was not changed, that is, used the
Sterling index that measures the risk and return ratio of the investment. However, the
buy signal limit was increased from 0.5 to 0.8 and the sell signal limit decreased from
–0.5 to –0.4. These changes intend to provide more confidence to the Conservative
investor, increasing the degree of certainty required to buy stocks and reducing the level
of certainty required for sale. The stock trading strategy has not changed.

For the Moderate profile, it was observed that Sterling metric is not related to the
increase of the returns and, therefore, does not agree with the objectives of the profile.
Thus, return was chosen as a fitness function for the Moderate profile. The output signal
limits were set at 0.6 for buy and –0.5 for sell. The stock trading strategy was also
modified in order to achieve higher returns. At each buy signal, all available equity is
invested in stocks, rather than just half as the author suggests, likewise, at every sell
signal, all stocks in portfolio are sold.

In the Aggressive profile the return was also used as fitness function, and the output
signal limits are 0.6 for buy and –0.6 for sell. The main change in this profile was the
stock trading strategy. If a sell signal is identified, but the user does not have any action,
the algorithm perform a short selling of stocks corresponding to 80% of the available
capital. This strategy, while profitable in times of falling stock prices, is also more risky

266 P. Soares Machado et al.



and has an additional cost of 0.5% of the value of the transaction. After the user profile
implementation in the system, it was possible to perform the simulations.

5 Evaluation of Evolutionary Decision Support System for Stock
Trading

The Ibovespa index (BVSP) was chosen to simulate stock buy and sell orders to test the
system. Unlike the simulation done by Lipinski (2008), which tested the Renault
(RNO.PA) stock, the choice of a stock index was adopted to any particular event of a
specific stock do not influencing the results. In the literature review it was possible to
find other works (Kara et al. 2011, Boyacioglu and AVCI 2010, Chen et al. 2007), who
also chose to use stock index rather than simply stock.

The first step of the system execution was to generate and train the population of
possible solutions. The system requests the user profile that will be evaluated. Each
population is trained to achieve the objectives of a specific profile and, therefore, the
entire process is performed for each of the four profiles identified in this work (Conser‐
vative, Moderate, Aggressive and without user profile). The training was performed
considering the historical Ibovespa index data from January 2012 to August 2016. This
training process continues until the population’s fitness stabilizes.

After training, the best individual in the population is selected and submitted to the
test scenarios. Different periods were evaluated, as discussed in the investor character‐
istics, different profiles have different investment terms.

In order to ensure consistency of results, 30 simulations (training and test) were done
for each scenario, and for each investor profile. Each simulation takes around 9 min to
train the algorithm, and a few seconds to test. Considering the 30 simulations done, the
process lasted about 4 h and 30 min for each user profile in each test scenario below.

5.1 One Month Scenario

The Fig. 4 shows that the short period of 1 month was inconclusive, because the config‐
urations without user profile, Conservative and Moderate, did not make any recom‐
mendation of buy or sell stocks in most of the simulations (0.0%). On the other hand,
the Aggressive profile achieved an average return of 148%. This result is extremely
positive, and much higher than the other profiles and Ibovespa.
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Fig. 4. Boxplot chart of simulations Ibovespa August 01 to 31, 2016

5.2 One Year Scenario

The Fig. 5 shows that Aggressive profile increased its gains so far and achieved an
average return of 166% in the period. The Moderate profile obtained 3.5%, however,
below the Ibovespa (13.8%). Conservative profile remained stable. The average return
of the system without user profile was a little below zero.

Fig. 5. Boxplot chart simulation Ibovespa August 2015 to August 2016

5.3 Five Years Scenario

In 5 years, it is possible to see in Fig. 6 that all the profiles had a profit, Aggressive 256%,
Moderate 38% and Conservative 13.5%. This performance was above the 9.7% achieved
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by the system without a user profile. However, the Ibovespa had a loss of –16% in the
period.

Fig. 6. Boxplot chart of simulations Ibovespa January 2011 to December 2015

5.4 Result Analysis

The results of the simulations indicate that it is possible to improve the recommendations
of Decision Support Systems for investment in stocks market through the implementa‐
tion of user context. In the most of test scenarios performed, the user profiles were able
to have an average return higher than the return of the system without user profile
features. In some cases, the result of the system without user profile was equivalent to
the result of the user profiles and in isolated cases; the Moderate profile had the worst
performance.

In order to confirm the preliminary results obtained in the simulations, the test results
with the Ibovespa index from January 2011 to December 2015, using four different user
profile configurations, were submitted to ANOVA test (analysis of variance). From the
test result (Table 1), it is possible to refute the null hypothesis at the significance level
of 0.0001. That is, there is evidence of significant differences among the means of returns
of the four groups of users, with the probability less than 0.01% that these results are the
same. Therefore, it is possible to conclude that the results are different. If the results are
different and the median of return was higher using the user profile, then the hypothesis
that it is possible to improve the recommendations of Decision Support Systems for
stock market using User Context is true.

Table 1. ANOVA test (analysis of variance) returns of different user profile configurations from
January 2011 to December 2015 (5 years)

Source DF Sum of squares Mean squares F Pr > F
Model 3 362108,005 120702,668 896,169 <0,0001
Error 116 15623,746 134,687
Total corrected 119 377731,751
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6 Conclusion

The work proposed to improve the recommendations made by Decision Support
Systems for investments through the implementation of user profile. To verify this
hypothesis, the investment system of (Lipinski 2008), based on Genetic Algorithms,
was chosen to be implemented and tested with User Context and without User Context.

In order to create a model for the system, the investor’s behavior and characteristics
were studied. The investor profiles identified were Conservative, Moderate and Aggres‐
sive. Each profile was properly analyzed and modeled with its own characteristics and
objectives.

The Java programming language was used for the system and User Context imple‐
mentation. Classes with each of the profiles were developed in order to promote the
configuration and reuse of the investor profiles.

In the most test scenarios, the user profile settings worked as expected and they were
able to achieve their goals. As expected, no investor profile was the best in all circum‐
stances. The Aggressive profile achieved excellent returns in short periods, accounting
for 148% in 1 month and maximum yield of 256% in 5 years, but it did not perform as
well in longer periods. The Moderate profile had returns close to zero in the short term,
however, it had significant returns in the medium and long term, with the user profile
having the best performance in 5 years (38%), surpassing the Ibovespa index (–16%).
The Conservative profile also had near zero yields in the short term; however, in the
long term it achieved 13.5% of return investing only in low risk applications.

The system configured without user profile had results lower than the Aggressive,
Moderate, and Conservative profiles. Only in isolated and short-term cases, the system
without user profile was able to overcome the Moderate profile. This demonstrates the
relevance the User Context implementation was for the simulations results. To confirm
the preliminary results, the ANOVA test was performed and the null hypothesis was
refuted to the 0.0001 level. As differences were found between the results and the median
of the return was higher using user profile, so the hypothesis that it is possible to improve
the recommendations of Decision Support Systems for stock market using User Context
is accepted.

Instead of selecting some stock to perform the simulations, the paper chose to use
the Ibovespa index to perform the test scenarios. In practice, the results found in this
work are close to the results that would be obtained if were invested in the stock of any
big company, which follow the Ibovespa index. However, for predictions of smaller
companies that do not follow the index variation, new simulations with these stocks
would be necessary. Considering that Genetic Algorithms search for to provide opti‐
mized solutions for any problem, it is very likely that the system also have good results
with stocks of smaller companies.

As future works, it is possible to improve the training time of the algorithm. Each
test scenario needs about 4 h and 30 min to train each user profile. If multiplied by the
four profile settings, each simulation took a total of 18 h to execute. This delay in an
investment application on the stock market can be harmful to the user. Perhaps the
combination of Genetic Algorithms and Neural Networks could create a system that
does accurate recommendations and requires less training time.
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