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Stock portfolio management consists of defining how some investment resources should be allocated to a set of stocks. It
is an important component in the functioning of modern societies throughout the world. However, it faces important
theoretical and practical challenges. ANNs have high accuracy, fast prediction speed and clear superiority in predictions
related to financial markets.
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| 1. Introduction
1.1. Fundamental Analysis

One of the most used sources of information in the management of stock portfolios comes from the so-called fundamental
analysis. The fundamental indicators provided by this analysis allow the practitioner to evaluate stocks from multiple
perspectives. Such indicators are constructed from the financial statements that the companies (underlying the stocks)
present publicly on a regular basis.

Fundamental indicators provide information that is often exploited in the literature to forecast future stock performance
and to select the most competitive stocks. These indicators can be used both qualitatively and quantitatively. Regarding
the latter, the financial information published by companies is synthesized in the form of ratios that shed light on the
current state of the company, providing remarkable information on what can be expected from the financial health of the
company and the possible future price of its stock. When this analysis is used in the literature, the fundamental indicators
are usually aggregated in an overall assessment value that requires subjective preferences from the practitioner (cf. e.g.,
[1); however, the aggregation procedure is not straightforward and represents an important challenge.

1.2. Artificial Neural Networks

Artificial neural networks are nowadays very popular among techniques from computational intelligence that have been
used for many applications, such as classification, clustering, pattern recognition and prediction in diverse scientific and
technological disciplines (Z2)). Similarly to other computational intelligence techniques, applications of ANN are very
diversified due to its capability to model systems and phenomena from the fields of sciences, engineering and social
sciences.

Analogously to a nervous system, an ANN is built from neurons, which are the basic elements for processing signals.
Neurons are interconnected to form a network, with additional connections (synaptic relations) for input and output
signals. Weights are assigned to each of these and other connections. The computing of suitable values for these weights
is performed by training algorithms. An ANN needs to be trained before it can be used by using actual data from the
system or phenomenon to model. Neurons are configured to form layers, in which neurons have parallel connections for
inputs and outputs. ANN complexity varies from a network with a single layer of a single neuron to networks with several
layers, each having several neurons. Networks with only forward connections are known as feedforward networks.
Networks with forward and backward connections are known as feedbackward networks (). The term deep learning
refers to ANN with complex multilayers (). Roughly speaking, deep learning has more complex connections between
layers and also more neurons than previous types of networks. Some neural networks that form deep learning networks
are convolutional networks, recursive networks and recurrent networks.



2.3. Multi-Objective Optimization Problem

Without loss of generality, a multi-objective optimization problem (MOP) can be defined in terms of maximization (although
minimization is also common) as follows:

maximize F(z) = [fi(z), fa(z),..., fr (ﬁ)]T
subject to = € {2

where () is the set of decision variable vectors z = [z1, z, . . ., mm)]T that fulfill the set of constraints of the problem,

and then F' : Q — RF  where R is the so-called objective space.

It is evident that the notation used here states that all functions f; (objectives) should be maximized; however, it is also
possible that one requires some functions f; to be minimized instead. To keep standard notation, it assumes that the
latter can be simply achieved by multiplying the minimizing function by -1.

1.4. Evolutionary Multi-Objective Optimization

Multi-objective evolutionary algorithms (MOEAS) are high-level procedures designed to discover good enough solutions to
MOPs (solutions that are close to the global optimum). They are especially useful with incomplete or imperfect information
or a limited computing capacity ().

MOEAs address MOPs using principles from biological evolution. They use a population of individuals, each representing
a solution to the MOP. The individuals in the population reproduce among them, using so-called evolutionary operators
(selection, crossover, mutation), to produce a new generation of individuals. Often, this new generation of individuals is
composed of both parents and children that posses the best fitness; this fitness represents the impact on the objectives of
the MOP. Since each individual encodes a solution to the MOP, MOEAs can approximate a set of trade-off alternatives
simultaneously.

The performance of MOEAs has been assessed in different fields (e.g., E). They have been widely accepted as
convenient tools for addressing the problem of stock portfolio management (B9 The main goal of MOEAs is to find a
set of solutions that approximate the true Pareto front in terms of convergence and diversity. Convergence refers to
determining the solutions that belong to the PF, while diversity refers to determining the solutions that best represent all
the PF. Thus, the intervention of the decision maker is not traditionally used in the process. Thus, rather little interest has
been paid in the literature to choosing one of the efficient solutions as the final one in contrast to the interest paid in
approximating the whole Pareto front.

Usually, two types of MOEAs are highlighted in the literature: differential evolution and genetic algorithms. Differential
evolution (DE) has been found to be very simple and effective (1), particularly when addressing non-linear single-
objective optimization problems (1213l) On the other hand, in a genetic algorithm (GA), solutions to a problem are sought
in the form of strings of characters (the best representations are usually those that reflect something about the problem
that is being addressed), virtually always applying recombination operators such as crossing, selection and mutation
operators. GAs compose one of the most popular meta-heuristics applied to the Portfolio Optimization Problem (%),

| 2. Computational Intelligence in Stock Portfolio Management
2.1. Portfolio Management: Price Forecasting, Stock Selection and Portfolio Optimization

In recent years, there have been plenty of contributions on price forecasting based on either statistical or computational
intelligence methods (see [l The stock market is characterized by extreme fluctuations, non-linearity, and shifts in
internal and external environmental variables. Artificial intelligence techniques can detect such non-linearity, resulting in
much-improved forecast results 121,

Among the computational intelligence methods used for price forecasting are deep learning (e.g., EIAANLSILAN gng
machine learning (e.g., 222122y | 8] 3 hybrid stock selection model with a stock prediction stage based on an artificial
neural network (ANN) trained with the extreme learning machine (ELM) training algorithm (23124} was proposed. The ELM
algorithm has been tested for financial market prediction in other works (see 221261271y

There are important works on methods for stock selection, which have several different fundamental theories, from
operations research methods (e.g., [28129) to approaches originating in modern portfolio theory (Mean-variance model)



(e.g., [2EY) and soft computing methods (e.g., BUE2Y including hybrid approaches (e.g., [EI=3154]),

The fundamental theory for portfolio optimization is Markowitz’'s mean-variance model (22l). Its formulation marked the
beginning of Modern portfolio theory (i28]). However, Markowitz's original model is considered too basic since it neglects
real-world issues related to investors, trading limitations, portfolio size and others (B4). For evaluating a portfolio’s
performance, the model is based on measuring the expected return and the risk; the latter is represented by the variance
in the portfolio’s historical returns. Since the variance takes into account both negative and positive deviations, other risk
measures have been proposed, such as the Conditional Value at Risk (CVaR) (BB, As a result, numerous works have
improved the model, creating more risk measures and proposing restrictions that bring them closer to practical aspects of
stock market trading (4). Consequently, many optimization methods based on exact algorithms (e.g., [E40l[41][42][43][44]
4511461y and heuristic and hybrid optimization (e.g., LEIA7I48I490I51I52)[53]54][551[56]) have been proposed to solve the

emerging portfolio optimization models (AL,

2.2. Exploiting Uptrends and Downtrends in Strategies for Stock Investment

Regarding alternative strategies to the known buy-and-hold approach for stock investment, in (EZ), the authors propose
two new trading strategies to outperform the buy-and-hold approach, which is based on the efficient market hypothesis.
The proposed strategies are based on a generalized time-dependent strategy proposed in (B8l) but propose different
timing for changing the buying/selling position. According to (22), the decision to adopt a long or short position in an asset
requires a view of its immediate future price movements. A typical short seller would have to assess the potential future
behavior of the asset price by means of evaluating several factors, such as past returns and market effects as well as
technical indicators, such as market ratios (2). There are a few works published in the literature to address the problem
of trading strategies for the short position. An interesting work that considers not only the short position but both the short
and long positions is (2), in which a simultaneous long-short trading strategy (SLS) is proposed. Such a strategy is
based partially on the property that a positive gain with zero initial investment is expected, which holds for all discrete and

continuous price processes with independent multiplicative growth and a constant trend. Other works based on SLS are
([ﬂ][ﬂ][ﬂ])_

Building stock portfolios with high returns and low risk is a common challenge for researchers in the financial area.
Usually, the most common practice is to select the more promising stocks according to several factors, such as financial
information, news of the market and technical analysis. Several approaches that use computational intelligence algorithms
have been proposed in the literature to deal with the overwhelming complexity of building a stock portfolio. Usually, these
approaches consider up to three activities to build a portfolio: return forecasting, stock selection and portfolio optimization.
These activities decide which stocks should be supported, as well as the proportions of the investment to be allocated to
them, by comparing the historical and forecasted performance of potential stock investments.

Given the approaches mentioned above for addressing the three activities or stages: return forecasting, stock selection
and portfolio optimization, a comprehensive approach for portfolio bulding and optimization can be carried out by applying
a combination of computational intelligence techniques in each stage. A particular effective combination proven in the
literature comprises: stock price forecasting by an artificial neural network (ANN) trained by the extreme learning machine
(ELM) algorithm. Stock selection is modeled as an optimization problem that seeks to determine the most plausible
stocks; thus, a differential evolution is exploited on the basis of the forecasted price and a set of factors of the so-called
fundamental analysis. Finally, portfolio optimization is conducted through a genetic algorithm that uses confidence
intervals of the portfolio returns to determine the best stock portfolio. It is worth to mention that forecasting the price of a
given stock allows the comprehensive approach to focus on uptrends or downtrends (i.e., going long or short,
respectively) for that stock.
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