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Abstract—When investing in the financial market, determin-
ing a trading signal that can fulfill the financial performance
demands of an investor is a difficult task and a very popular re-
search topic in the financial investment area. This paper presents
an approach combining the principal component analysis (PCA)
with the NeuroEvolution of Augmenting Topologies (NEAT) to
generate a trading signal capable of achieving high returns and
daily profits with low associated risk. The proposed approach
is tested with real daily data from four financial market of
different sectors and with very different characteristics. Three
different fitness functions are considered in the NEAT algorithm
and the most robust results are produced by a fitness function that
measures the mean daily profit obtained by the generated trading
signal. The results achieved show that this approach outperforms
the Buy and Hold (B&H) strategy in the markets tested (in the
S&P 500 index this system achieves a rate of return of 18.89%
while the B&H achieves 15.71% and in the Brent Crude futures
contract this system achieves a rate of return of 37.91% while
the B&H achieves -9.94%). Furthermore, it’s concluded that the
PCA method is vital for the good performance of the proposed
approach.

Index Terms—Financial markets, Trading signal, Technical
Analysis, Principal Component Analysis (PCA), NeuroEvolution
of Augmenting Topologies (NEAT).

I. INTRODUCTION

When studying the stock market, determining the best time
to buy or sell stocks is of key importance. However, obtaining
a trading signal that finds good entry and exit points in the
stock market is difficult due to the stock market’s noisy,
non-stationary and non-linear characteristics. In fact, stock
markets are affected by many highly interrelated factors, such
as psychological variables associated with the investors as well
as economic and political factors.

The efficient market hypothesis [1] states that it’s impossible
to gain a competitive advantage over the market because the
prices already incorporate and reflect all available information
in the market at that moment. On the other hand, some
researchers believe that the markets are inefficient, mainly
due to the psychological variables associated with the various
market participants and the inability of the markets to imme-
diately respond to newly released information and so, there is
an opportunity to beat the market and obtain above average
returns by using stock market forecasting techniques [2].

In this paper, an approach combining a neuroevolution
technique, the NeuroEvolution of Augmenting Topologies

(NEAT), with a dimensionality reduction technique, the Prin-
cipal Component Analysis (PCA), is presented. The PCA
technique performs a linear mapping of the high dimensional
space input data, consisting of raw financial data with some
indicators obtained using technical analysis, to a lower di-
mensional space such that the variance of the data in the low
dimensional representation is maximized. This dimensionality
reduction of the data facilitates the identification of patterns
by the artificial neural network (ANN) that is generated by
NEAT. The neural network generated by NEAT outputs a
trading signal that evolves with the help of an adapted genetic
algorithm (GA) to a solution that maximizes the returns and
daily profits while minimizing the associated risk.

The main contributions of this paper are: the combination
of the data dimensionalty reduction technique PCA with the
NEAT algorithm to identify the best trading points in the stock
market; the use of fitness functions in NEAT that take in
consideration not only the returns obtained but also the daily
profits, risk and number of days spent with capital invested in
the market; the integration of the hyper mutation technique in
the NEAT algorithm that adjusts not only the overall mutation
rate but also the probability of the mutation to add a new node
to the ANN generated by NEAT; the possibility of the ANN
originated by NEAT to have different activation functions
in the hidden neurons if that helps the evolution process to
achieve a better performing solution.

This paper is organized as follows: in Section II the related
work is discussed. Section III presents the architecture and
describes the implemented system. In Section IV the case
studies and results are presented and analyzed. Section V
provides the conclusions obtained by the work developed.

II. RELATED WORK

Finding the best time to buy or sell has remained a difficult
challenge as there are several factors that may impact stock
prices [11]. With the growth of the trading business, investors
tried to find methods and tools to accurately predict the share
prices, in order to increase their gains and minimize the risk
[12]. Methods like fundamental analysis, technical analysis
and machine learning have all been used to attempt to find
the best entry (buy) and exit (sell) points and gain advantage
over the market.

Technical analysis forecasts the future financial price move-
ments based on an investigation of past price movements.
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TABLE I
RESULTS OF SOME STUDIES RELEVANT FOR THIS PAPER.

Ref. Year Method Data Period Financial Market Algorithm performance B&H performance
[3] 2009 ANN with GA Stock price 07/04/2004 - GSE 5.44% (average) -5.46%

for feature selection (daily) 26/08/2004 (German Stock Exchange)
[4] 2016 ANN with Particle Stock price 2010 BSESN 41.54% / 41.89% 13.24% / 13.69%

Swarn Optimization (daily) (Bombay Stock Exchange) /
(evolutionary algorithm) SPY
to optimize initial weights (S&P 500 index ETF)
and Wavelet transformation
for denoising

[5] 2016 ANN with GA Stock price 28/05/2013 - BIST100 index 1.12% -13.41%
for feature selection (daily) 20/09/2013 (Turkish stock market)

[6] 2015 NEAT Stock price 2012 - 2014 Apple / Microsoft / 56.81% / 13.19% / 16.69% NA
(daily) Yahoo (Best result,

without transaction costs)
[7] 2017 ANN with PCA Stock price 30/11/2011 - SPY 36.1% 30.8%

for dimensionality (daily) 31/05/2013 (S&P 500 index ETF) (Best result,
reduction without transaction costs)

[8] 2016 ANN with GA Stock price Jan 2008 - Nikkei 225 Index 0.0090 (mean squared error NA
to optimize (monthly) July 2013 (Japanese stock market) of the months predicted
initial weights return against the actual return)

[9] 2016 ANN with GA Stock price 19/10/2012 Nikkei 225 Index 81.27% (hits on direction NA
to optimize (daily) 30/12/2013 (Japanese stock market) of market movement)
initial weights

[10] 2016 ANN with GA Stock price 2009 - 2014 SET50 index 63.6% (hits on direction NA
for feature selection (daily) (Thailand stock market) of market movement)

This type of analysis doesnt attempt to measure a companys
intrinsic value, but involves an analysis of the markets activity,
such as price and volume, to identify patterns that can be
used as a basis for investment decisions. This makes the
technical analysis more suitable for short-term trading, like
daily trading as it is the case of the system proposed in this
paper. Over the years, numerous technical indicators have been
developed by analysts in attempt to accurately forecast future
price movements. A more detailed description of technical
analysis and technical indicators can be found in [13].

In recent years, the advances in the field of artificial intel-
ligence have offered unprecedented trading opportunities and
the forecasting models based on simple fundamental or tech-
nical analysis have been surpassed by models incorporating
machine learning and data mining methods. Machine learning
algorithms can process a big amount of past financial data (as
well as other information that affect the market, as the news
for example), that may seem uncorrelated and noisy to the
human eye, to detect patterns and predict future outcomes of
the market. This approach facilitates a fast reaction to events
that affect the market and so, can be a competitive advantage
in identifying the ideal entry and exit points.

In table I it’s summarized some of the most relevant studies
applied to the stock market that were analyzed throughout the
development of the approach presented in this paper.

A. Principal Component Analysis (PCA)

In machine learning having data of high dimensionality can
lead to a high computational cost and overfitting, decreasing
the performance of the system. Dimensionality reduction fo-
cuses on representing data with a minimum number of dimen-
sions, reducing the underlying complexity in processing the
data while retaining its vital proprieties. Principal Component
Analysis (PCA) is one of the most popular unsupervised linear

techniques for dimensionality reduction. PCA is a statistical
procedure for identifying a smaller number of uncorrelated
features, called principal components, from a large set of
features.

PCA uses orthogonal transformation to convert the high di-
mensional data to the principal components. Because the core
of PCA is the rotation of space coordinates (which does not
change the data structure), the obtained principal components
are a linear combination of the original features that reflect as
much as possible the original information. This transformation
is such that the first principal component has the largest
possible variance and each succeeding component has the
highest possible variance under the constraint that it must
be orthogonal to the preceding components. The number of
principal components is equal to the original data’s number of
dimensions, but when using PCA for dimensionality reduction
only some of those principal components (that capture most
of the original data variance) are retained. A more extensive
and detailed description of the PCA technique can be found
in [14].

An ANN with high dimensional data as input requires a big
amount of data to generalize and is prone to overfitting. Thus,
PCA is frequently used to reduce the dimensionality of the
inputs of a neural network [7, 15].

B. Neuroevolution

Neuroevolution is an evolutionary approach to construct
artificial neural networks (ANNs), being inspired from the
evolution of biological nervous systems in nature. An evo-
lutionary algorithm that has been frequently hybridized with
ANNs is the genetic algorithm (GA). Many studies have used
the GA to overcome the drawbacks of the backpropagation
approach, obtaining results that support the notion that GAs
can enhance the performance of ANN models and reduce
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the time required for experiments [16, 17]. In recent years,
neuroevolution systems have been applied extensively in the
financial markets with promising results [18, 8, 19].

1) NeuroEvolution of Augmenting Topologies (NEAT): One
of the most popular neuroevolution approaches to evolve both
the weights and topology of an ANN is the NeuroEvolution of
Augmenting Topologies (NEAT), that was developed by Ken
Stanley in 2002 [20]. NEAT is based on three main techniques:
tracking genes with historical markings, applying speciation
and complexifying.

Fig. 1. NEAT Genetic Encoding.

NEAT uses a direct encoding scheme (figure 1), in which
the neural network architecture is directly encoded into the GA
genome, meaning that the genome specifies every connection
and node that will appear in the phenotype. NEAT’s genetic
encoding is designed to allow corresponding genes to be easily
lined up when two genomes crossover.

In NEAT the mutation operation can change both the con-
nection weights and the neural network structure. Connection
weights mutate similar to any other neuroevolution system,
with each connection having a probability of being perturbed
at each generation. Regarding structural mutations, there are
two main operands in NEAT: add connection mutation and add
node mutation. In the add connection mutation a connection,
with random weight, is added between two randomly selected
neurons that were previously unconnected, while in the add
node mutation a random connection is selected, split and
replaced by a new node and two new connections.

Genes that share a historical origin necessarily represent
the same structure in a neural network phenotype. Tracking
the historical origins of the genes is possible in NEAT by
assigning an unique innovation number to each new gene that
is created through structural mutation.

The genomes are selected to crossover in NEAT based on
their fitness score, like in other evolutionary algorithms. In the
crossover process, the genes that have the same innovation
number in both parents are the matching genes and the
ones that don’t match with any gene in the other parent
are either disjoint (innovation number in the range of the
other parent’s innovation numbers) or excess genes (innovation
number outside the range of the other parent’s innovation
numbers). The crossover process of NEAT is presented in
figure 2. During the crossover process, the matching genes of
the offspring are selected randomly from either parents and the
excess and disjoint genes are always selected from the parent

with the highest fitness score (if both parents have the same
fitness score then the excess and disjoint genes are also chosen
randomly from either parents, like it’s the case in figure 2). The
crossover scheme of NEAT helps to mitigate the competing
conventions problem as the use of historical markings to
align the genomes that perform crossover allows different
representations of the same structure to be aligned during
crossover and thus, the offspring is likely to be undamaged.

Fig. 2. Example of NEAT’s crossover operand with the same fitness value
in both parents.

NEAT applies speciation to deal with the topological inno-
vation problem. Speciation is the division of the population
into species such that similar topologies are in the same
species. This way, the neural networks compete only with
neural networks of similar topologies, giving time for the
structural innovations to be optimized and, therefore, protect-
ing topological innovations. Genomes are grouped into species
by their compatibility distance (δ). The compatibility distance
is a simple linear combination of the number excess genes
(E), disjoint genes (D) and the average weight differences of
matching genes (W̄ ):

δ =
c1 ∗ E
N

+
c2 ∗D
N

+ c3 ∗ W̄ (1)

In equation 1, N is the number of genes in the larger
genome of the population and the coefficients c1, c2 and c3
allow to adjust the relative importance of the three factors (E,
D and W̄ ). After the compatibility distance of each genome is
determined, the genomes are placed into the first species (no
genome is in more than one species) in which its distance to a
randomly chosen member of the species is less than a defined
compatibility threshold (δt). If a genome is not compatible
with any existing species then a new species is created.

In order to maintain topological diversity the reproduction
mechanism of NEAT uses fitness sharing, where each genome
i of the population is assigned an adjusted fitness f ′i , according
to its original fitness score fi and the number of genomes
present in its species (

∑n
j=1 sh(δ(i, j))). The formula for

the calculation of the adjusted fitness of each genome i is
presented in equation 2.
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f
′

i =
fi∑n

j=1 sh(δ(i, j))
(2)

Therefore, the adjusted fitness of each genome is simply
its normal fitness divided by the total number of genomes in
its species. In NEAT’s reproduction system, each species is
allowed to spawn a number of offsprings proportional to the
sum of the adjusted fitness of its member genomes. Thus, it’s
difficult for a species to become too big and take over the
entire population even if the majority of its genomes perform
well, preserving the topological diversity in the population.

Many neuroevolution systems that evolve the topology of
the ANN start with a random collection of nodes and connec-
tions. This doesn’t lead to find minimal solutions since there
may exist many unnecessary nodes and connections already
present in the initial population. Therefore, NEAT starts with
an uniform population of neural networks with input and
output nodes (no hidden nodes) and the connections that link
the inputs to the outputs, differing only in the initial random
weights of the connections. Structural mutations introduce
hidden nodes incrementally throughout evolution and thus,
NEAT starts with minimal structure allowing the solution to
be searched in a low dimensional space which considerably
improves performance. This process of searching for the
optimal topology by incrementally producing more complex
structures constitutes NEAT’s complexification process.

III. PROPOSED APPROACH

A. System Architecture

This paper presents a trading system that uses the NEAT
algorithm combined with the PCA technique to detect the
best entry and exit points in the market, with the goal of
maximizing the returns and daily profits while taking in
consideration the risk and the number of days with capital
invested in the market. As illustrated in figure 3, the system’s
architecture is structured on a traditional layered architecture
composed by three distinct layers: presentation layer, business
logic layer and data layer. The system was developed in Python
programming language.

B. Technical Analysis

The technical analysis module receives the raw financial
data (daily volume and open, high, low and adjusted close
prices) and applies several technical indicators, outputting the
raw data with the technical indicators to be preprocessed by
the data preprocessing module.

In this system, a set of 26 technical indicator features (note
that the Bollinger bands have three features, the upper, lower
and middle Bollinger bands) is used in addition to the set
of 5 raw financial data features to achieve the set of 31
features (table II) that is outputted by this module to the
data preprocessing module. These technical indicators were
computed with the help of the TA-Lib python library [21].

Fig. 3. System architecture.

TABLE II
VARIABLES OUTPUTTED TO THE DATA PREPROCESSING MODULE.

Tecnhical Indicators Financial Data
SMA20,SMA50,SMA100 Open
EMA20,EMA50,EMA100 High
Bollinger Bands Low
PSAR Adj. Close
ATR Volume
MACD and Signal line
MACD Histogram
PPO
RSI
ADX
CCI
Momentum
Stochastic %D,%K
Williams %R
ROC
OBV
MFI
Chaikin Oscillator

C. Data Preprocessing

Real-world raw data is highly susceptible to noise, missing
values and inconsistency. The quality of data affects the data
mining results and so, in order to help improve the quality of
the data and, consequently, of the results the raw data needs
to be preprocessed.

In the system presented by this thesis, first the data is
normalized and then transformed by the PCA method. The
Scikit-learn python library [22] was used to develop the data
preprocessing in this system.

1) Data normalization: In the system implemented, the
input data provided by the tecnhical analysis module is nor-
malized using Min-Max normalization (equation 3), which
scales the data to a fixed range [0,1].

Xnormalized =
X −Xmin

Xmax −Xmin
(3)
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2) PCA: PCA first fits the model with the normalized
training data set, generating the learning model parameters
needed for the PCA technique. After the PCA model is fit to
the normalized training data set, the 31 principal components
are ordered by the amount of variance they explain and the
first principal components whose variance captured adds up
to at least 95% are preserved. The data is then projected on
the preserved principal components and this transformed low
dimensional data is fed to the NEAT module.

D. NEAT
The NEAT module receives the preprocessed data from

the data preprocessing module, applies the NEAT algorithm
and outputs the trading signal to the trading module. This
module is the core of the system, where the preprocessed input
financial data patterns are discovered and an ANN capable of
generalizing the information learned from the training data
set is built through evolution with the help of an adapted GA.
The flowchart of the implemented NEAT algorithm can be
observed in figure 4 and in table III the values used in this
system for some of the most important NEAT parameters are
presented. Python’s multiNEAT library [23] for performing
neuroevolution was used as a basis for the implementation of
the NEAT algorithm.

Fig. 4. Flowchart of the NEAT algorithm.

TABLE III
PARAMETERS OF THE IMPLEMENTED SYSTEM.

Parameter Value
Sigmoid probability 1/3
TanH probability 1/3
ReLU probability 1/3
Population size 512
c1 (equation 1) 1.0
c2 (equation 1) 1.0
c3 (equation 1) 0.4
δt 3.0
δt modifier 0.3
Min species 5
Max species 40
Young species fitness boost 1.1
Elitism fraction 0.01
Mutate only probability 0.25
Overall mutation rate 0.2
Node mutation probability 0.03
Connection mutation probability 0.3
Weights mutation probability 0.8
Crossover probability 0.75
Inter-species crossover probability 0.001

1) ANN: The ANN evolved by NEAT has the inputs
provided by the data preprocessing module and a single ouptut
value in the range [0,1] that corresponds to the predicted
trading signal and so, the activation function defined for
the output node is the sigmoid function. The ANN of the
NEAT algorithm starts as a feedforward neural network but
the algorithm let’s the network evolve to a recurrent neural
network if that type of network is more adjusted to the
problem.

The activation function is the only aspect of the hidden
nodes that has to be defined before the start of the NEAT
algorithm. The same activation function could be set to all the
hidden nodes of the network but that would limit the opti-
mization process due to its single mathematical functionality
[24]. Recent work has shown that using different activation
functions in the hidden neurons can perform better than using
a single activation function [24, 25] and so, in the implemented
system the activation function of each of the hidden neuron
also evolves with the GA. Therefore, when a new hidden node
is added to the network by a structural mutation it has an equal
probability of having a Sigmoid, Hyperbolic Tangent (TanH)
or ReLU activation function.

2) Speciation: Regarding the speciation operand of NEAT,
the choice of the compatibility threshold is important as it
affects the number and constitution of the species, which
affects the performance of the NEAT algorithm [26]. In
this system, the problem of choosing the best value for the
compatibility threshold (δt) is avoided by making it dynamic.
This way, the compatibility threshold is changed when the
system breaks some defined maximum or minimum number
of species boundary to make the number of species stabilize
between those defined boundaries.

In this system it’s also attributed a fitness boost to young
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species (considered in this system to be species that exist
for less than 15 generations) of 1.1 such that each of the
species’ members has its adjusted fitness value multiplied by
1.1, further mitigating the topological innovations problem
and giving the necessary time for new promising structural
innovations to evolve.

3) Fitness Function: The definition of the fitness function
is crucial to the performance of the system and so, different
fitness functions were tested and analyzed. The primary goal
of the system is to maximize the returns in the market,
but concepts like daily profits, risk and time spent with
capital invested in the market are also taken in consideration
when devising and testing the different fitness functions. The
following fitness functions are proposed:
• A fitness function that measures the profit obtained by day

in the market, presented in the set of equations 4 where
IC and FC represent the initial capital and final capital,
respectively. This fitness function just divides the rate of
return (ROR) obtained by the number of days spent in a
long position (with capital invested in the market).

ROR =
FC − IC

IC
∗ 100 , (4a)

ROR/day =
ROR

Days inMarket
. (4b)

• A fitness function that measures the Risk Return Ratio
(RRR). The set of equations 5 present the calculations
necessary to obtain the RRR, where DD and MDD
represent the drawdown and maximum drawdown, re-
spectively. Low values of max drawdown (MDD) are
desirable as they represent investments with low losses
and consequently, with less risk and a higher risk-return
ratio (RRR).

DDt = Maxi∈(Start,t)(RORi)−RORt , (5a)

MDD = Maxt∈(Start,End)(DDt) , (5b)

RRR =
ROR

MDD
. (5c)

• A fitness function that measures the mean of the daily
profit. The set of equations 6 present the calculation
necessary to obtain the Mean Daily Profit, where TC,
DC, MDP and DP represent the transaction costs, daily
return, mean daily profit and daily profit, respectively.
Note that the daily profit (equation 6b) measures the daily
return obtained in every trading day and so, the daily
profit is zero when the system is out of the market (neutral
position, with 0 stocks). On the other hand, when the
system is in the market (in a long position) the daily
profit is the change (in percentage) in the daily price of
the stock, including the transaction costs. The inclusion
of the transaction costs simulates that, in every day spent
in a long position, the system buys one stock and sells
it the next day. This way, the mean daily profit criteria
measures if the daily returns obtained in a long position
can overcome daily transaction costs and so, even if the
ROR of the system is positive this criteria may yield

a negative value if the system spends a considerable
number of days in a long position where the daily profit
isn’t even big enough to pay daily transaction costs.

DRt =
Opent − Opent−1 − TC

Opent−1
∗ 100 (6a)

DPt =

{
DRt if Long
0 if Neutral

, (6b)

MDP = Meant∈(Start,End)(DPt) . (6c)

4) Mutation: The overall mutation rate is set to 0.2, which
means that each new candidate solution generated by the
crossover operand has a 20% probability of suffering a mu-
tation. On the other hand, there is a 25% probability that
the offsprings are generated from mutation only, without the
intervention of the crossover operand.

In the implemented system, only one of type of mutation
(weights mutation, add node mutation or add connection
mutation) can be applied to each candidate solution in one
generation. The roulette wheel selection method is used to
choose the type of mutation that is applied to a candidate
solution that suffers a mutation, with each type of mutation
having a probability of being chosen proportional to its prob-
ability value (presented in table III).

5) Hypermutation: The core idea of hypermutation is to
adjust the mutation rate based on the problem characteristics
and search process state. In this system, the overall mutation
rate and the add node mutation (structural mutation) probabil-
ity are adjusted during the evolution process in order to help
the algorithm jump out of a local optimum when the evolution
process is beginning to stagnate. This way, the hypermutation
technique in this system adjusts the mutation operand of NEAT
as it follows:
• If the highest fitness value in the population doesn’t

increase in 4 generations then the overall mutation rate
is increased 0.1.

• If the highest fitness value in the population doesn’t
increase in 6 generations then both the overall mutation
rate and the add node mutation probability are increased
0.05. If it still hasn’t increased in 8 generations then the
same increases are again applied.

• If the highest fitness value in the population increases
then the overall mutation rate and the add node mutation
probability are assigned their original values of 0.2 and
0.03, respectively.

6) Crossover: The crossover operand has a 75% probability
of generating the offsprings in this system. Besides the regular
crossover operand of NEAT presented in the previous section,
this system also allows (with a very small probability) inter-
species crossover which can further increase the diversity of
the population. In the inter-species crossover all the excess and
disjoint genes from both parents are copied to the offspring,
instead of being copied only from the most fit parent like in the
intra-species crossover, as it is not fair to compare the fitness
of topologically different individuals, as already explained.
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7) Termination Condition: The termination condition of
NEAT can affect the quality and speed of the search and
so, it should prevent premature termination and avoid need-
less computations. In this system one of the following two
conditions has to be fulfilled for the NEAT algorithm to
terminate: the algorithm reaches 200 generations or there are
no improvements in the highest fitness score of the population
for 10 generations.

E. Trading

The trading module is responsible for simulating the trading
experience in a real world market environment, receiving as
input the trading signal outputted by the NEAT module and
acting in the market accordingly. The trading module starts
with a user defined initial capital for investment and invests
that capital according to the received trading signal as it
follows:
• A value above 0.5 represents a buy signal. If the system

is not holding any stocks the buying signal makes the
system to buy, at the opening price of the corresponding
trading day, as many stocks as possible with the current
capital. On the other hand, if the system is already holding
stocks the buying signal tells the systems to keep the
stocks and don’t sell.

• A value equal or below 0.5 represents a sell signal. If
the system is not holding any stocks the sell signal acts
as neutral signal and the system just remains without
stocks and out of the market. On the other hand, if the
system is holding stocks then the sell signal makes the
system to sell all his stocks at the opening price of the
corresponding trading day.

To simulate the real trading environment, in each transaction
(buy or sell) it’s payed a transaction cost. These values can be
charged as a percentage of the total value of the transaction
or as an absolute cost per stock, depending on the market and
broker used for the transaction.

IV. RESULTS

The financial data used to train and test the implemented
system are the daily volume and prices (open, high, low
and adjusted close) of different markets over the period of
27/03/2006 to 13/04/2017, using 80% of the data to train
the system and 20% to test it. To test the robustness of the
system to different markets, the experiments are performed in
the following markets: S&P 500 index, Brent Crude futures
contract, Exxon Mobil Corporation stocks and Home Depot
Inc. stocks.

The transaction costs were applied according to the Inter-
active Brokers (largest electronic brokerage firm in the United
States) low-cost online platform transaction costs: 1 USD per
stock transacted in S&P 500 index; 0.1% of the transaction
value in Brent Crude futures contract; 0.005 USD per stock
transacted in Exxon Mobil and Home Depot stocks.

The performance of the experiments is measured not only
by the returns (ROR) obtained but also by the risk-return ratio
(RRR), mean daily profits (MDP) and returns obtained by day
in the market (ROR/day). The number of days with capital

invested in the market (Market Days) and maximum drawdown
(MDD) of the returns are also taken in consideration.

A. Case Study I - Fitness Functions

The first experiment performed was devised to analyze the
quality of results obtained by each of the fitness functions
proposed in the previous section. The average results obtained
by each fitness function on the test data of the financial markets
used are presented in table IV, together with results of the Buy
and Hold strategy for comparison.

TABLE IV
RESULTS OF THE B&H AND THE DIFFERENT FITNESS FUNCTIONS

(AVERAGE).

B&H ROR/day RRR MDP
Brent
Transactions 2 69 39 67
ROR (%) -9.94 45.56 1.95 37.91
Market Days 556 105 418 129
ROR/day (%) -0.018 0.46 -0.0092 0.36
MDD (%) 64.24 23.22 48.29 24.22
RRR -0.16 2.12 0.014 1.69
MDP (%) -0.19 0.048 -0.10 0.029
Exxon Mobil
Transactions 2 30 25 36
ROR (%) -5.10 3.53 2.63 4.60
Market Days 555 100 130 249
ROR/day (%) -0.0092 0.024 0.098 0.063
MDD (%) 28.4 12.00 12.82 19.94
RRR -0.18 0.30 0.29 0.37
MDP (%) -0.013 0.0058 0.0038 0.0072
Home Depot
Transactions 2 42 17 22
ROR (%) 37.65 23.09 35.62 39.97
Market Days 555 179 514 503
ROR/day (%) 0.068 0.12 0.071 0.081
MDD (%) 22.80 11.54 20.25 21.85
RRR 1.65 1.86 1.85 1.85
MDP (%) 0.057 0.037 0.054 0.060
S&P 500
Transactions 2 24 33 71
ROR (%) 15.71 7.93 11.61 18.89
Market Days 555 56 238 172
ROR/day (%) 0.028 0.094 0.091 0.12
MDD (%) 14.55 6.32 7.77 9.01
RRR 1.08 0.99 1.95 2.11
MDP (%) -0.065 0.0040 -0.018 0.0080

Analyzing the results obtained, the following observations
can be made:
• The RRR fitness function clearly obtains the worse

overall results of the three tested fitness functions, only
outperforming the Buy and Hold strategy returns in the
Brent futures contract and Exxon Mobil stocks.

• The ROR/day fitness function achieves the best results in
the Brent futures contract (where it produces exceptional
results) but is also the fitness function that performs worse
in the S&P 500 index.

• The system with the Mean Daily Profit fitness function
can outperform the Buy and Hold strategy in all markets
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and is the best performing fitness function in the Exxon
Mobil stocks, S&P 500 index and Home Depot stocks.

This way, the Mean Daily Profit fitness function achieves
better and more consistent overall results in maximizing the
returns and daily profits while minimizing the risk and the
number of days spent with capital held up in the market. In
particular, of the tested fitness functions, the Mean Daily Profit
fitness function is the only one that can outperform the Buy
and Hold performance in all of the tested markets.

In figure 5 it’s presented the evolution of the returns
obtained by the Buy and Hold strategy and the average returns
obtained by the system with the different fitness functions in
the S&P 500 index during the period of test. Analyzing figure
5, it can be observed that the system with both RRR and
ROR/day fitness functions can avoid the loss in returns of the
Buy and Hold strategy in the first half of the tested period
but don’t follow closely the big upward trend of the second
half of the tested period and get outperformed by the Buy
and Hold strategy in terms of returns, despite clearly having
a less associated risk (the returns don’t oscillate as much as
in the Buy and Hold strategy). On the other hand, the system
with the Mean Daily Profit fitness function can profit from
the sideways periods of the first half of the tested period and
is able to follow the upward trend of the second half of the
tested period, outperforming the returns of the Buy and Hold
strategy (with less associated risk).

Fig. 5. Returns obtained by the system with the different fitness functions
and the Buy and Hold in the S&P 500 index.

B. Case Study II

Having determined the fitness function more robust and
suitable to the application of this paper, in the case study
presented next only that fitness function (Mean Daily Profit)
is used. In the second case study of this paper the importance
of the PCA and hypermutation methods in the performance of
the system is tested and analyzed.

1) Case Study II.a - Influence of the PCA method: In table
V the results of the system with and without performing the
PCA method are presented with the Buy and Hold results for
comparison.

TABLE V
RESULTS OF THE B&H AND THE SYSTEM WITH AND WITHOUT PCA

(AVERAGE).

B&H System System
without with

PCA PCA
Brent
Transactions 2 63 67
ROR (%) -9.94 6.93 37.91
Market Days 556 147 129
ROR/day (%) -0.018 0.012 0.36
MDD (%) 64.24 50.44 24.22
RRR -0.16 0.25 1.69
MDP (%) -0.19 -0.0029 0.029
Exxon Mobil
Transactions 2 38 36
ROR (%) -5.10 2.97 4.60
Market Days 555 398 249
ROR/day (%) -0.0092 0.017 0.063
MDD (%) 28.4 19.67 19.94
RRR -0.18 0.19 0.37
MDP (%) -0.013 0.0042 0.0072
Home Depot
Transactions 2 22 22
ROR (%) 37.65 28.73 39.97
Market Days 555 355 503
ROR/day (%) 0.068 0.11 0.081
MDD (%) 22.80 17.46 21.85
RRR 1.65 1.63 1.85
MDP (%) 0.057 0.045 0.060
S&P 500
Transactions 2 29 71
ROR (%) 15.71 5.49 18.89
Market Days 555 48 172
ROR/day (%) 0.028 0.085 0.12
MDD (%) 14.55 4.28 9.01
RRR 1.08 0.76 2.11
MDP (%) -0.065 0.0042 0.0080

Analyzing the results obtained, it can be observed that
the importance of the PCA method in the performance of
the system is considerable, achieving solutions that produce
higher returns in all the markets tested when compared to
the system without the PCA method. In particular, without
the PCA method the system produces solutions that can
only outperform the Buy and Hold in the markets where
the Buy and Hold has negative returns in the period tested.
Furthermore, the PCA method allows the system not only to
achieve solutions with higher returns but also solutions that
achieve those returns with less risk (higher RRR), higher daily
profits (higher MDP) and with a better relation of returns
and days spent with the capital invested in the market (higher
ROR/day).

In figure 6 it’s presented the evolution of the returns
obtained by the Buy and Hold strategy and the average returns
obtained by the system with and without the PCA method
in the S&P 500 index during the tested period. It can be
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observed that, as mentioned above, the system without PCA
gets considerably outperformed by the system with PCA.

Fig. 6. Returns obtained by the system with and without the PCA method
and the Buy and Hold in the S&P 500 index.

2) Case Study II.b - Influence of the Hypermutation tech-
nique: In table VI the results of the system with and without
performing the hypermutation technique are presented with the
Buy and Hold results for comparison.

Analyzing the results obtained, it can be observed that the
hypermutation technique doesn’t have the crucial importance
to the system that the PCA method has, but can still slightly
increase the overall performance of the system in the tested
markets. Therefore, the increase in the overall mutation rate
and add node mutation probability when the system is stagnat-
ing still adds value to the system as it can generate solutions
with a slightly higher overall performance when investing in
the financial markets.

In figure 7 it’s presented the evolution of the returns
obtained by the Buy and Hold strategy and the average returns
obtained by the system with and without the hypermutation
technique in the S&P 500 index during the tested period. It
can be observed that the return lines are very similar in the
system with and without hypermutation indicating that they
produce similar investment decisions but, as mentioned above,
the system with hypermutation slightly outperforms the system
without hypermutation.

V. CONCLUSIONS

This work proposes an approach combining the PCA
method for dimensionality reduction with the NEAT algorithm
for evolving an ANN with an adapted GA to generate a trading
signal capable of achieving high returns and daily profit with
low associated risk. This approach, with a fitness function in
the NEAT algorithm measuring the mean daily profits, shows
robust results over a wide variety of financial markets. One
of the major conclusions that can be drawn from the results
obtained is that the dimensionality reduction provided by the
PCA is crucial to the good performance of the system. The

TABLE VI
RESULTS OF THE B&H AND THE SYSTEM WITH AND WITHOUT

HYPERMUTATION (AVERAGE).

B&H System System
without with
hyper- hyper-

mutation mutation
Brent
Transactions 2 81 67
ROR (%) -9.94 36.58 37.91
Market Days 556 196 129
ROR/day (%) -0.018 0.24 0.36
MDD (%) 64.24 30.38 24.22
RRR -0.16 1.27 1.69
MDP (%) -0.19 0.0026 0.029
Exxon Mobil
Transactions 2 38 36
ROR (%) -5.10 4.35 4.60
Market Days 555 294 249
ROR/day (%) -0.0092 0.073 0.063
MDD (%) 28.4 20.69 19.94
RRR -0.18 0.38 0.37
MDP (%) -0.013 0.0061 0.0072
Home Depot
Transactions 2 25 22
ROR (%) 37.65 40.25 39.97
Market Days 555 485 503
ROR/day (%) 0.068 0.083 0.081
MDD (%) 22.80 20.83 21.85
RRR 1.65 1.83 1.85
MDP (%) 0.057 0.063 0.060
S&P 500
Transactions 2 73 71
ROR (%) 15.71 17.45 18.89
Market Days 555 159 172
ROR/day (%) 0.028 0.12 0.12
MDD (%) 14.55 8.89 9.01
RRR 1.08 1.94 2.11
MDP (%) -0.065 0.0087 0.0080

Fig. 7. Returns obtained by the system with and without the hypermutation
technique and the Buy and Hold in the S&P 500 index.
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hypermutation technique, despite not having the importance
of the PCA, also adds value to the system slightly increasing
the performance.

Some ideas for future work are: add the short investment
position to the system to open up an opportunity to increase the
returns by profiting from bear periods; test other fitness func-
tions involving other financial concepts (like the sharpe ratio);
test other dimensionality reduction techniques with NEAT or
adapt the GA of NEAT to work also as a feature selector;
join the backpropagtion method to the NEAT implementation
so that the backpropagation method can further optimize the
weights of the ANN while NEAT focuses more on optimizing
the topology.
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