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Exploring Feedforward and Long Short
Term Memory Neural Networks to Stock

Markets Forecasting
João Sintra

Abstract—Artificial Neural Networks as a part of Machine Learning have been gaining momentum in the context of financial
prediction. Deep Neural Networks developments allow an increasing level of abstraction over the problem’s application,
without loss of effectiveness and allowing for state-of-the-art performances. This thesis has a framework for creating Deep
Neural Networks models applied to financial forecasting, using Feedforward Neural Networks and Long Short-Term Neural
Networks. The framework is configured with parameters that define all aspects, ranging from the data inputs, data
pre-processing, model training and backtesting, producing a predicting model. This model is used in association with a
defined strategy with the results presented by a backtest and compared against a Buy and Hold strategy. The results show
that it is possible to create simple profitable strategies from securities with different behaviors by incorporating past data and
technical indicators along with the price data. The semi-automated framework to train models and apply an investment
strategy is able to beat the benchmark by 20% in the selected model and able to generate a model that reaches a cumulative
return in the end of the period of 40% for the IBM security. For the AAPL security, an accuracy of 66% for the selected model
is registered. The FLKS shows consistent high returns of 200% with less opened positions.

Index Terms—Finance, Deep Learning, Machine Learning, LSTM, Feedforward.
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1 INTRODUCTION

IN the last years, Computer Finance research has seen
big growth, motivated by the growth of financial

markets, bigger access to information and also because
financial prediction problems have a great practical and
theoretical interest, while still being extremely difficult
to get a good solution for them [Heaton et al., 2016].

Financial markets study and literacy is an interest-
ing research topic because these markets are a possible
revenue stream for financial institutions, private com-
panies and even private households. As [Hsiao and
Tsai, 2018] points out, for the latter, it is particularly
interesting because it can give rise to increased social
welfare through the transactions between individuals.

Financial markets encompass a series of different
instruments, namely Capital Markets, Commodity
Markets, etc - paper thesis will be more focused in a
subcategory of the Capital Markets, the Stock Markets.

The prediction of Stock Markets movements is
considered to be a very complex task and most models
are postulated given the assumptions of the Random
Walk Theory and the Efficient Market Hypothesis [Lee
et al., 2007] [Attigeri et al., 2015]. The Random Walk
Theory applied to fto financial markets, it states that
past information of a stock cannot be used to predict
it’s future behaviour. According to [Malkiel, 2003], the
logic of the random walk is that the information flow
is even across the market players and the occurrence

of new information is random an so it is not possible
to predict stock price change. The Efficient Market
Hypothesis [Fama, 1970] is deeply connected with the
random walk theory. The stock market landscape is,
at any moment, a mirror of all the available public
information. Every time a new piece of information is
made public, the market enters an unbalanced state,
assimilating the new information that is translated into
the price, restoring the balance.

In recent years, a number of evidences point out to
the ability of Machine Learning techniques to capture
complex market behaviour and translate into successful
predictions [Cavalcante et al., 2016], [Attigeri et al.,
2015], [Nelson et al., 2017]. In Machine Learning, Deep
Learning techniques extended the previous known
capabilities of Artificial Neural Networks and allied to
it the capability to extract useful representations from
data without extreme processing contributed to the
renewed interest in it [Liu et al., 2017].

In this paper, a framework for the creation of Deep
Neural Networks applied to financial instruments is
described. This framework accounts for all the steps
needed from the data pre-processing, data transfor-
mation, model training and backtesting using simple
investment strategies.
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2 RELATED WORK

Substantial literature can be found on the application of
machine learning to financial markets price prediction.
In it, several methods can be distinguished that range
from supervised learning to unsupervised methods.

In the supervised methods are included more
simple regression techniques [Siew and Nordin, 2012],
support vector machines [Kewat et al., 2017] [Fischer
and Krauss, 2017], random forests [Krauss et al., 2016]
and neural networks. In the neural networks can be
distinguished the use of feedforward neural networks
in [Krauss et al., 2016] [Fischer and Krauss, 2017], long-
short term memory neural networks [Arévalo et al.,
2016] [Li and Tam, 2017] [Fischer and Krauss, 2017]

In the literature, two main approaches can be
distinguished to the market. The first relies in the use
of fundamental analysis [Siew and Nordin, 2012], the
second focus on the technical analysis [Kewat et al.,
2017] [Fischer and Krauss, 2017] [Krauss et al., 2016]
[Li and Tam, 2017] . The literature focus more on
the use of technical indicators. An explanation can
be the convenience in the creation of these indicators
by using the the open, high, low and close prices. The
fundamental indicators, because are related with the
financial situation of a company, that is not readily
obtained neither has the same data granularity as the
stock prices have- the fundamental indicators make
use of data that is made available in a plurianual
fashion. There are even some companies that do not
make public available this information.

The assessment of the methods performance is done
in several ways. In [Siew and Nordin, 2012] [Li et al.,
2007] [Arévalo et al., 2016] it’s measured how well
the fit of the values is done. This is measured with in
several ways like the Root Mean Square (RMSE), Mean
Absolute Error (MAE) and Mean Squared Error (MSE),
that measure the difference between the predicted
values and the real values.

In [Kewat et al., 2017] [Arévalo et al., 2016] [Li
and Tam, 2017] the performance is evaluated in term
of directional accuracy and by developed specific
performance metrics derived from the accuracy.

The last method is by performing backtesting of a
developed strategy over the predictive model [Krauss
et al., 2016] [Li and Tam, 2017]. Backtesting is used to
simulate a real market and allows to see how the model
would’ve truly performed. In the backtesting, several
metrics like the returns, sharpe ratio and annualized
returns are developed.

In terms of the object of these studies, they focus on
different financial instruments. In [Siew and Nordin,
2012] the focus in on stocks from the Bursa Malasia in
a period between 2003 and 2011, in [Kewat et al., 2017]
is on a South Korea index, in [Li et al., 2007] focus on
two indexes, the S&P500 and the Nasdaq Composite
and also on a company stock IBM.

These studies focus on different financial instru-
ments like companies stock and indexes. Some focus
on constituents of the indexes like [Siew and Nordin,
2012] [Krauss et al., 2016] [Li and Tam, 2017] , other
focus only on the indexes [Kewat et al., 2017] and
others focus on both indexes and a single company to
compare results [Li et al., 2007]. Also [Arévalo et al.,
2016] focus only on a company stock.

In table 1, a synthesis of the selected studies is
made.

3 IMPLEMENTATION

3.1 Architecture
A focus on the forecast of a financial instrument in
the form of the stock price or the stock return is taken.
The input can be raw information like the Opening or
Closing price of a given stock or a calculated return.
Additionally, a group of indicators can also be selected
to be calculated to further enrich the input information.
After a prediction is made, an investment strategy is
applied and the a backtest is performed. The overall
solution is divided in two main phases, Prediction and
Investment Strategy Backtest.

To achieve this goal, a partially automated pipeline
was developed, where given a set of inputs, a number
of stages is successively applied, yielding a prediction
model and then using it to input data to investment
strategies. The simplified architecture of the solution is
showed in figure 1. As can be seen, five modules were
developed, the Runner, DataManager, DataAnalysis,
Models and the Backtest.

Fig. 1: Architecture Blocks
The Runner module is the controller module, receiv-

ing the input data of the stock and the information for
executing the run.

The DataManager module is responsible for access-
ing the inputs and transform them into a machine-
readable format.

The DataAnalysis in this module where the input
stock data is prepared to be fed to the models.

3.1.0.1 Example: The objective is to predict the
opening (Open) price of the stock "X" and the features
are the variables Open, High, Low prices for each
timestep. We can choose to use only the value from the
immediate previous timestep t − 1 or values from n
previous timesteps- this number of days is the called
backoff. The dataset that would be created from the
input variables would be, each of the cases, represented
in equation 1 and equation 2, respectively.
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Ref Year Method Data Period Financial Instrument Algorithm Perfor-
mance

[Siew
and
Nordin,
2012]

2012 SMO Regression Stock Prices
(daily)

2003-2010 13 Bursa Malasia Compa-
nies

0.6079 (R2)

[Ke-
wat
et al.,
2017]

2017 SVM and ANN Index prices
(daily)

2007-2016 KOSPI 0.57 (SVM) and 0.54
(ANN) (Prediction
Performance)

[Li
et al.,
2007]

2007 RL and ANN Index prices
(daily), Stock
Prices (daily)

1984-2004 S&P500, NASDAQ Com-
posite, IBM

60,90% (S&P500),
63.4%(NASDAQ),
60,2%(IBM) (DA)

[Aré-
valo
et al.,
2016]

2016 DNN Stock Prices (by
minute)

September
2nd to
November
7th 2008

AAPL Stock 0.086 (MSE), 64,8%
(DA)

[Krauss
et al.,
2016]

2016 DNN Index prices
(daily)

1989-20015 S&P500 0.33% (Return)

[Li
and
Tam,
2017]

2017 DNN and SVM
with PCA

Index prices
(daily)

2012-2015 Shangai Stock Exchange 51.59% (SVM),
50,01% (DNN),
51.43% (SVM-PCA),
50.43% (DNN-PCA)
(Accuracy)

TABLE 1: Relevant studies results

Open(t− 1), High(t− 1), Low(t− 1)

−→ Open(t+ 1)
(1)

Open(t− n), High(t− n), Low(t− n), ...,

Open(t− 1), High(t− 1), Low(t− 1)

−→ Open(t+ 1)

(2)

The Models module receives the datasets required
to train a network and, after training, make a prediction.
Two types of predictions are developed, one using raw
price data and the other using simple price returns. The
simple return is calculated as showed in equation 3.

Rt =
Pt − Pt−1

Pt−1
(3)

The final module is the Backtest is used to make
a backtesting of the prediction and used investment
strategy.

3.2 Pipeline
The term Pipeline, when applied to computing, refers
to the ability to develop and run a set of instructions is
a cascaded and structured way, with several elements
connected in series. This elements are the different
referred modules.

The execution of the implementation has several
cascaded steps and has the objective of predicting a
given price of a selected stock by the predictions of a
model and assessing the prediction performance and
associated returns.

3.2.1 Input Data
There are two kinds of input data: stock market data
regarding a ticker - Stock Data - and Control Data, used
to define how the runner will proceed.

The Stock Data is taken from the website YahooFi-
nance, with daily frequency and date intervals selected
corresponding to the entire available time span. An
example of the data is shown in table 2.

The Control Data is a set of user defined input
parameters that configure the pipeline execution. This
inputs are received in a YAML file - YAML stands for
YAML Ain’t Markup Language. YAML is a human
readable serialized data representation that is used
in services configuration like the Google App Engine
Cloud. The user places the configurations of the run it
wants to perform in this file that will be copied to the
correspondent run directory and used in the several
run stages. An example of a YAML configuration file is
showed in listing 1, only showing the configuration for
a Feedforward model use.

3.2.2 Data Preparation
The data preparation or pre-processing happens in
the DataAnalysis module and turns it into a more
meaningful representation that can better assimilated
by the neural networks. This step is also used to enrich
the stock data with indicators.

Depending on the user input on the YAML, a
data normalization technique or a data standardization
technique on the features but never on the target. The
intuition behind using data normalization techniques
is that transforming data to a well defined range or
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Date Open High Low Close Adj Close Volume
2000-03-01 4.234375 4.716518 4.232143 4.654018 3.150568 269250800
2000-03-02 4.535714 4.569196 4.310268 4.357143 2.949597 77814800
2000-03-03 4.459821 4.579796 4.285714 4.571429 3.094658 80841600
2000-03-06 4.500000 4.611607 4.464286 4.488839 3.038749 52640000

TABLE 2: Example Stock Market Data Regarding the AAPL ticker

at least a more limited one leads to better and faster
training of the neural networks.

1 DataAnalysis: #DataAnalysis commands
2 ticker: "IBM"
3 train_test_ratio: 0.8
4 backoff_days: 15
5 indicators:
6 - "momentum"
7 - "volume"
8 - "volatility"
9 normalization: "minmax"

10 dimensional_reduction: "pca"
11 features:
12 - "Open"
13 - "High"
14 - "Low"
15 target: "Open"
16 Model: #Model commands
17 type: "lstm"
18 feedforward: #Feedforward Model
19 Architecture:
20 input_layer:
21 activation: 'relu'
22 hidden_layer_1:
23 neurons: 100
24 activation: 'relu'
25 hidden_layer_2:
26 neurons: 50
27 activation: 'relu'
28 output_layer:
29 neurons: 1
30 activation: 'relu'
31 Compilation:
32 loss: "mean_squared_error"
33 Train:
34 epochs: 300
35 ...
36 Backtest:# Backtest commands
37 portfolio_start: 1
38 buy_window: 1

Listing 1: YAML configuring the Run

Depending on the activation function of a neuron, it
may be helpful to perform some kind of pretreatment -
if a logistic sigmoid is used, for example, the variation
of the variables has to be adapted to the function

maximum output range that is between 0 and 1 [Sola
and Sevilla, 1997].

Convergence can be faster when the average of each
input variable is closer to 0. Scaling the inputs can be
also beneficial when it is known that some inputs are
of less significance than others and so can be useful to
scale down the inputs in other to make them less visible
to the training process [LeCun et al., 2012]. The Min-
Max normalization technique, also known as feature
scaling, is used and it’s given by equation 4, where X ′

is the result of the normalization, X is the input value,
Xmin is the minimum value of the series of values and
Xmax is the maximum value of the series. The result
of this normalization is a normalized value between
[0, 1].

X ′ =
X −Xmin

Xmax −Xmin
(4)

3.2.3 Models
After the data is prepared, it is fed to the models. The
models were developed using the Keras framework
for it’s convenience and flexibility to implement in the
framework. The chosen models to make predictions
over a given stock developed are the Feedforward
Neural Network and the LSTM Neural Network. Each
Neural Network has a number of common hyper-
parameters, parameters that define it’s architecture,
components and behaviour. For each model, several
hyperparameters are chosen and fixed, while others
have series of values that are used in several runs.
In these NN parameters are included the number of
layers, number of neurons per layer, number of training
epochs, among others.

The architecture of the Neural Networks it’s a
sequence of layers, exemplified in figure 2.

Fig. 2: Deep neural network architecture

In the case of the Feedforward Neural Networks, a
more detailed architecture is showed in figure 3.
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Fig. 3: Multi-layer perceptron representation

The LSTM Neural Networks are a subset of Recur-
rent Neural Networks (RNN), where, at each timestep,
the information of previous states is used to adjust the
weights in combination with the timestep features.

Fig. 4: Recurrent Neural Network representation

To evaluate the obtained models, a number of
metrics are developed. There are two groups of metrics,
the ones that focus on the prediction capability of the
model and the fit of the data - Root Mean Squared
Error (RMSE), Mean Absolute Error and R-squared -
and the ones that focus on the results of the investment
strategies based in the model. From the first group,
only the RMSE is detailed in the results.

The Backtesting module uses the prediction made
by the model as input to a simple strategy generating
a vector with a given action for each prediction.
Depending on the type of prediction that is made,
two strategies are considered:

• PriceStrat- This strategy, in equation 5, is applied
when the prediction is made for the stock price
and it relies only on the prediction of the
model. This can be interpreted as a directional
prediction.

• RetStrat- this strategy looks at the predicted
return and to the actual return and it’s given
by equation 6 where PredReturn(t) is the

predicted return at instant t and RealRet(t− 1)
is the real return at t− 1.

A final strategy is used, the Buy and Hold, where
a position is taken by the purchase of a security, in
this case, at the first prediction timestep. The security
is sold in the last prediction timestep and the profit
arises from the valuation of the stock through time (or
vice-versa). This strategy is used as a benchmark.

4 EXPERIMENTS AND RESULTS

Three case studies were developed, focused on stocks
with different characteristics behaviour:

1) International Business Machines (IBM)
2) Apple Inc. (AAPL)
3) Flex Pharma (FLSK)

The search for the best model for a given security
was made by performing runs with different values for
some hyperparameters and using the results to make a
choice over which the networks to use. The objective is,
for each stock, to find the model for predicting a stock
price or return that gives the biggest profit.

For each possible configuration, five runs are con-
ducted and the results are averaged.

Action(t)=


1, if round(Predicted(t− 1))< round(Predicted(t)),

−1, if round(Predicted(t− 1))> round(Predicted(t)),

0, otherwise.
(5)

Action(t) =


1, if round(PredReturn(t)

RealRet(t−1)
− 1) ∗ 100) > 1,

−1, if round(PredReturn(t)
RealRet(t−1)

− 1) ∗ 100) < 1,

0, otherwise.
(6)

For a given stock, two architectures are chosen,
each one per model developed. This choice is done by
looking both to the training RMSE and test accuracy
and picking the one that yields best results. From these
two selected architectures, the one with best training
metrics is chosen and compared with the architecture
that best performed in the out-of-sample data. The
selected model is the one that would be selected in a
semi-automatic fashion; the best performing model is
the model obtained that would’ve performed the best,
although it may not be the one chosed.

4.1 Case Study I - IBM
The train data starts in 2000 − 01 − 03 and goes to
2012−11−30 and the test data starts at 2012−12−03
and ends in 2018− 06− 12. This stock has a sideways
behaviour in most the training dataset with a uptrend
in the end. In the testing data, the stock exhibits mostly
a down trend with the stock ending loosing almost half
of it’s price. This two factors makes this a curious study,
because of the dicotomy in the behaviour for which the
network is trained and on which the network is tested.
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4.1.1 Hyperparameters Search for Returns Prediction
The results of the search for hyperparameters are
shown in table 3. To help define the performance of the
trained networks, it is chosen, for each value of backoff
days, the best performing network by the obtained
training metrics.

Model Days Architecture RMSE Accuracy
Train Test Train Test

FF
5 (10,5) 1,22 1,75 0,62 0,6
10 (500,100) 1,79 1,23 0,55 0,57
20 (50,20) 1,81 1,25 0,57 0,58

LSTM
5 (500,100) 2,12 1,53 0,55 0,51
10 (10,5) 1,74 1,22 0,57 0,56
20 (10,5) 2,82 2,15 0,65 0,51

TABLE 3: Architectures with highest accuracy for the
IBM stock Returns Prediction

In figure 5 the cumulative return for the selected
FeedForward models is shown and in figure 6, the
cumulative results for the LSTM Network selected
models. In both figures the architectures are named
in the fashion AX-(Y,Z), where A is the model type (F
for Feedforward and L for LSTM), X is the number
of backoff days, Y is the number of neurons in the
first layer and Z is the number of neurons in the
second layer. Also, in both figures, the Benchmark
for comparison is showed. At this stage, considering
the architectures in table 3, two models are chosen
for analysis. By analysis of table 3, the model to be
selected is the L20-(10,5). The second model to be
chosen is called the "best performing" from now on,
and it is chosen based on the test metrics and only for
comparison with the selected one. In this case, it’s the
F20-(50,20).

Fig. 5: Cumulative returns for Feedforward NN model
selected architectures

The performance of these models is showed in fig-
ure 7, where it can be seen that the performance of the
selected model is not the as good as the performance
of the (rightly named) best performing model. This can
be explained by looking at the accuracy values in the

test, with the selected model having a value of 51%
and the best performing method having a value of 58%.
Nevertheless, the selected model ends up beating the
benchmark.

Fig. 6: Cumulative returns for LSTM NN model se-
lected architectures

4.1.2 Hyperparameters Search for Price Prediction
The same search is conducted to a model that predicts
the next day price. The resulting models are shown
in table 4, with the obtained metrics in training and
testing. The performance of the models in the backtest
is shown by the cumulative returns obtained in figure
8.

Fig. 7: Cumulative returns for the L20-(10,5) (selected)
model and F20-(50,20) (best performing) model - IBM
Returns Prediction

By comparison with table 3 it can be seen that the
values for the accuracy in both models are considerably
lower. Also, by inspection of figure 8, it can be seen
that the performance of both models is far off from
the performance obtained in the returns prediction.
Nevertheless, both models beat the benchmark,
although the same problem arises - the network with
the best training metrics is not the best performing
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Model Days Architecture RMSE Accuracy
Train Test Train Test

Selected LSTM 5 (100,50) 24.16 73.12 0.51 0.5
Best LSTM 20 (50,20) 70.44 150.09 0.5 0.52

TABLE 4: Selected Model vs Best Model - IBM Price Prediction

one.

Fig. 8: Cumulative returns for the L5-(100,50) (selected)
model and L20-(50,20) (best performing) model - IBM
Price Prediction

4.1.3 Analysis

For the returns prediction, both the selected model
and the best performing model have a final return on
the period that beats the benchmark by 20% and 60%,
respectively. In the case of the price prediction, the
selected model beats the benchmark by 15% and the
best performing model beats by 30%.

The reason for this difference may be the possibility
of the prices that are fed to the model not being
stationary [Adhikari and Agrawal, 2013]. Typically,
a time series is considered non-deterministic, which
means that it cannot be made any kind of prediction of
the future behaviour with certainty. It is also assumed
that it follows a certain probability distribution model
[Hansen, 2017] that describes the joint distribution of
the random variable xt. Although, it is known that
they can follow a more or less regular pattern for long
periods. The stationarity can be viewed as the absent
of trend or seasonal components, where the variables
xt follow a statistical equilibrium. In this equilibrium,
properties like mean and variance of the stationary
process do not depend upon time.

Finally, the Augmented Dickey-Fuller test (ADF)
was applied to the price and returns data. This is used
to test the null hypothesis stating that a unit root is
present in the time series. Upon rejection of the null
hypothesis, it suggests that a unit-root is not present in

the series. The ADF test yields the results showed in
table 5.

ADF Statistic P-value
Price -1.32 0.62
Returns -15,73 0

TABLE 5: ADF Results for the IBM Stock

For the price data, the ADF statistic yields a nega-
tive value, above any of the critical values. Also, the
p-value is much bigger than 0.05, which means that we
can accept the H0, meaning that the data isn’t stationary
and has a time dependent structure (unit-root) and so
it is not stationary.

Regarding the returns data, the same test was
applied, with very different results. For the returns,
the ADF statistic is highly negative and the p-value
is very close to zero - this allows us to reject the null
hypothesis H0 and to accept that a unit-root is not
present and so stationary characteristics are present.

4.2 Case Study II - AAPL
The data used for the AAPL stock was divided in
training data and testing data, ranging from 2000 −
03− 01 to 2012− 11− 23 and from 2012− 11− 26 to
2018− 05− 08, respectively.

In this case study, it can be seen that during the
training period, some price drops occur but in most
of period the price has an increasing trend. This is the
same behaviour that occurs in the overall of the test
data, yielding a dataset where the training and testing
have similar characteristics.

Regarding the AAPL stock, the ADF test was
applied to see whether the price data has stationary
properties. The results pointed to the non-stationarity
of the price data and so, only the returns prediction
was analyzed.

The selected model, considering the training met-
rics, would be the F5-(100,50), because it presents the
higher accuracy for the lowest value of RMSE. The
model to be selected based on the best performance
of the test would be the L20-(500,100). Both models
metrics are shown in table 6.

In figure 9, it is presented the benchmark for this
stock, along with the selected model and the best
performed model. It can be seen that the selected

model behaves poorly for this stock, compared with
the benchmark, despite achieving a 66% accuracy in

the test. By contract, the best performing model
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accuracy’s is much lower, only 50%. Thus, it ends up
performing significatevely better than the selected

model.

Fig. 9: Cumulative returns for the F5-(100,50) (selected)
model and L20-(500,100) (best performing) model -
AAPL Returns Prediction

To better understand the low performance of the
selected model despite the testing metrics appear to
be good, figure 10 containing the strategy signals. The
histogram of the returns of this model is also shown in
figure 11.

Fig. 10: Strategy signals of the F5-(100,50) (selected)
model - AAPL Returns Prediction

In this figure it’s plotted the true price of the stock
during a fraction of the period corresponding to the
test. On top of the price, two types of points, with
distinct colors, are marked, to point the action taken at
each timestep. In blue, the Buy signal is showed and
in red the Sell. This signal is drew from the action that
is taken by the strategy and defined depending on the
strategy. It can be seen sometimes that, when the stock

price rallies to local maxima, the selected action is to sell,
instead of buy. These situations contribute to leading
to the pour returns of the strategy, comparing to the
benchmark.

Another factor that leads to a bad performance of
the strategy can be seen by the histogram of the returns
in figure 11. The curve resembles a normal curve with
a mean slightly deviated to the right of 0. Nevertheless,
the curve isn’t symmetric, having a bigger right tail
(which implies having a bigger magnitude of positive
returns than negative returns) but having a bigger
amount of negative returns in the range [−2.5%, 0].

Fig. 11: Histogram of the AAPL selected model returns
prediction

4.3 Case Study III - FKLS

In the FLKS stock, the stock price has the opposite
behaviour of the AAPL, with the price increasing in
the beginning of the training period and then falling
abruptly almost through out all of the rest of the period.
In the test period the stock goes sideways, with a peak
that almost doubles the value and then falling again.
Another thing that is particular in this stock is that it is
listed in 2015 and not in the beginning of 2000, which
determines the size of the datasets for training and
testing were much smaller, which has the potential to
compromise the training process.

The results of the hyperparameter search for this
stock are presented in table 7. In this case, the best
performing model and the selected model are the same.

The cumulative returns of the model is displayed
in figure 12, along with the benchmark. It can easily
be seen that the models beat the benchmark in a very
surprising way, performing a steadier walk with fewer
positions and almost never losing money. The best
model L20-(10,5), on the other hand, has a more sinuous
walk, losing some money abruptly but ending up by
compensating the losses.
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Model Days Architecture RMSE Accuracy
Train Test Train Test

Selected FeedForward 5 (100,50) 2.64 1.59 0.66 0.66
Best LSTM 20 (500,100) 4.34 2.52 0.66 0.5

TABLE 6: Selected Model vs Best Model - AAPL Returns Prediction

Model Days Architecture Accuracy
Train Test

Selected & Best FeedForward 20 (50,20) 0.68 0.55

TABLE 7: Selected Model vs Best Model - FLKS Returns Prediction

Fig. 12: Cumulative returns for the F20-(50,20) (selected
best) model - FLKS Returns Prediction

Both models have accuracy in training no much
bigger than the accuracy provided by a coin toss
strategy. To understand the extraordinary performance
of them, both the returns histogram for both models
are displayed, for comparison.

For the selected model, figure 13 shows there are
a very large number of small negative returns, but
also there are some big positive returns that give an
asymmetry to the right and end up by defining the
strategy performance.

This model is the example of a strategy where,
besides the accuracy being relatively low, when the
correct action is taken, a big return compensates for the
small time losses, that represent half of the actions in
the testing.

4.4 Discussion
The metrics of all the analyzed models (selected and
best performing) are condensed in table 8.

Regarding the backoff days, it is interesting to see
that, for most of the models (6/8), the hyperparameter
search yielded the models with 20 of backoff days,
indicating that past values up to a month (the market
closes in the weekends) are useful to make predictions
on the security.

As for the values for the accuracy, the values of the
selected models are, in general, lower when compared

with the values for the best model for each stock. In case
of the IBM stock, comparing with the results obtained
in [Li et al., 2007], the value for the accuracy is lower
in both the selected model and in the best performing
one. In the latter, the value (58%) is very close to the
one obtained in [Li et al., 2007] (60%). As for the AAPL
stock, in [Arévalo et al., 2016] the obtained value for the
directional accuracy is lower (64.8%) than the selected
model (66%) but it is higher than the best performing
model that, in this case, only gets an accuracy of 50%.

Fig. 13: Histogram of the F20-(50,20) (selected) model -
FLKS Returns Prediction

Regarding the number of neurons per layer, the
results in table 8 do not point to a winning architecture,
with different architectures being selected for different
securities.

The annualized returns of the different created
models is also shown in table 8. The two of the three
analyzed stocks have achieve annualized returns better
that the benchmark. Also, it can be seen that, despite
the best performing models being generated by the
framework, they aren’t selected because it’s training
metrics do not give such information. The result is
selected models with worst performances than the best
ones. Only the FLKS is an exception to this, where
the best model is the selected model. This is also
the stock for which the returns is the highest, with
values of accuracy in testing and training very high.
Regarding the the AAPL stock, it can be seen that
the accuracy metrics of the selected model are also
very good. Despite this, the annualized return is much
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Stock Prediction Model Days Architecture RMSE Accuracy Annualized Return [%]
Train Test Train Test Benchmark Model

IBM
Price Selected LSTM 5 (100,50) 24.16 73.12 0.51 0.5

-0.09

-0.01
Best LSTM 20 (50,20) 70.44 150.09 0.5 0.52 0.05

Returns Selected LSTM 20 (10,5) 2.82 2.15 0.65 0.51 0
Best FeedForward 20 (50,20) 1.81 1.25 0.57 0.58 0.13

AAPL Returns Selected FeedForward 5 (100,50) 2.64 1.59 0.66 0.66 0.38 -0.18
Best LSTM 20 (500,100) 4.34 2.52 0.66 0.5 0.27

FLKS Returns Selected & Best FeedForward 20 (50,20) - - 0.68 0.55 0.17 0.97

TABLE 8: Condensed metrics of the models performance for the case studies

worst than the benchmark. A simple explanation for
this can be seen in the number of actions that the
strategy associated to the returns does in this case,
which can be seen in figure 10. The strategy accuracy
in the test period is 66% but, with so much actions
placed, the returns get diluted and, in fact, ends up
having a great number of misses of high magnitude,
which goes against the returns accumulated by the hits.
In fact, the implemented strategies are so simple that
do not contemplate the differences between the stocks.

5 CONCLUSION

The system is able to generate models that are able to
beat the benchmark that can be selected using training
metrics. Despite this, it’s still not able to select the
model that best performs in out-of-sample data using
the training metrics The Backtesting charts developed,
namely the strategy actions over the variation of the
price and the returns histogram are specially useful to
diagnose and assess the behaviour of the model. On
the first, it can be seen how the model operates under
volatility and the impact of trends on the actions. On
the latter, it can be perceived the type of returns that
are more common.
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