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Abstract

Investing in stock market is not an easy task, it could be a high-risk investment. Stock price
depends on several factors that can be internal factors, such as, the company itself which is
down-grade his worth or external factor such as politics, or even the financial environment
of the country of that specific market. Investors need careful decision-making skills to
maintain profit in the long run. Usually they use techniques that can help them to make a
better decision, or at least facilitate that “job”. In the past years, many machine learning
models have been investigated for this purpose. Being an area, which is very influenced by
uncontrollable factors, it´s not easy to get a perfect solution. This thesis demonstrates a
possible methodology to produce a good price prediction of the stock market and make it
available to the general public.
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Resumo

Investir no mercado de ações não é uma tarefa fácil, pode tornar-se um investimento de
algo risco. O preço de stock depende de vários fatores que podem ser internos, como
por exemplo, uma empresa que reduza o seu valor, ou externos como política, ambiente
financeiro do país. Investidores precisam de adquirir experiência em planeamento de modo
a manter ou aumentar o lucro. Normalmente, estes usam técnicas que lhes facilita a tomar
uma melhor decisão. Desde á uns anos atrás que machine learning tem sido estudado,
mas como é uma área que tem fatores incontroláveis, faz com que não seja possível obter
uma solução perfeita. Esta Tese demonstra uma possível metodologia que produz uma boa
previsão de preço do mercado de ações e o tornar disponível para o publico.
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Chapter 1

Introduction

1.1 Context

A stock market is a platform for trading of a company’s stocks at an agreed price. It’s a
sector that demands a certain amount of knowledge on market trends because supply and
demand are the determinants of share prices. With the constant growing influence of the
stock markets, people started becoming more interested in predicting price tendencies. As
technology improves, stock traders are moving towards to use Artificial Intelligence rather
than statistical analysis, which helps to take immediate investment decisions. One of the
main aims of a decision support system is to be able to predict the stock price tendency,
enabling people to invest at the right time. Stock market prediction is the act of trying to
determine the future value of a company stock or other financial instruments traded on an
exchange.

1.2 Problem

The stock market is an attractive area for those who intend to obtain extra income, but
due to its volatility and complexity, people are susceptible to a great degree of risk if they
don’t have the necessary knowledge or enough time to spend learning. At the moment there
are some platforms that try to predict prices of stock markets by various means although
they’re very uncertain and prone to subjective parameters that cannot be measured through
statistics.

1.3 Objectives

This project aims to help those with or without prior experience on stock markers and all its
related subjects. By providing this assistance, the user will be able to make better choices
on their selection of shares, and also be able to maintain a constant surveillance of possible
opportunities. It seems to be very difficult to replace the professionalism of an experienced
trader for predicting the stock price, but because of the availability of a remarkable amount
of data and technological advancements we can now be able to formulate an appropriate
algorithm for prediction whose results can be used to help investors make profit. These
algorithms’ accuracy is directly proportional to gains made by using them.
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1.4 Approach

The evolution of technology brought new possibilities in the prediction systems area. Nowa-
days are used in almost every activity sector. New models are being made and tested. In
stock market area, making predictions it´s not easy due the consequences and conditions
involved. There are already some solutions like Yahoo Finance and Google Finance which are
used as support for investors, helping them to make some decisions about what they should
do to the stock of a company. With this project, I intend to make a study of automatic
learning methodologies that could be useful to predict prices of the stock market. This study
will use historical data of actions from various companies, indexes and related news that are
published on available media. There will also be developed an web application that allows
the user to obtain information about certain stock markets and predict the price tendency
and variation.

1.5 Document Structure

This thesis is structured like so:
In the Introduction chapter, it’s mentioned the problem this thesis tries to discuss and the
approach to a possible solution.
In the State of the art chapter, we find the state of the art of prediction methods and also
explanation of the most notable machine learning terms along with some case studies.
In the Analysis and Design chapter, it’s displayed the analysis and design for the project to
be made.
In the Value Analysis chapter, it’s portrayed some business value terms, the value proposi-
tion canvas, the quality function deployment and the requirements to develop the proposed
solution.
In the Case Study chapter, it’s shown the process done to obtain the results, how the
model’s training was done as well the parameters needed to optimize it, and the results
obtained.
In the Case Study Result Analysis chapter, I discuss the results shown in the previous
chapter, explaining how they relate to each other and why some were better than others.
In the Implementation chapter, It’s shown how the project was made.
In the Conclusion chapter, I mention the conclusion I derived from developing the proposed
solution.
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Chapter 2

State of the art

2.1 Artificial Intelligence

Artificial intelligence is the idea of programming machines to be capable of thinking like
humans, as a means to facilitate the human workload. AI is split between two branches,
applied AI, which uses principles of simulating human thought to carry out one specific task,
and generalised AI, which seeks to develop machines capable to turn their hands to any task,
much like a person.

2.1.1 Applied AI

Applied AI enhances software applications and puts advanced machine learning to use, pro-
viding high levels of accuracy and adaptation over time.

Advantages

• Rapid decision-making

Applied AI enables "human-like" judgment to reduce error and predict outcomes,
achieving end-to-end process automation and enhancing smart device ecosystems.

• Computer capability with a human touch

Applied AI bridges the gap between digital and physical worlds while striving to limit
the impact of model error, social ethics and human bias in the process.

• Efficiency

Applied AI improves efficiency and throughput, saving time and money.

• Automation

Applied AI frees up employees from manual processes by increasing automation.

• Increased revenue

Applied AI increases profitability by identifying and helping solve complex business
issues through its machine learning and adaptive capabilities.

2.1.2 Generalised AI

Generalised AI, also known by strong AI, is a theoretical form of AI used to describe a certain
mindset of AI development. It aims to create intelligent machines that are indistinguishable
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from the human mind, for that a AI machine would have to learn through input and expe-
riences, constantly progressing and advancing its abilities over time, although it only exists
today as a theoretical concept versus a tangible reality, research is constantly being done.

Advantages

• Multi-tasking

Generalised AI can perform a variety of functions, eventually teaching itself to solve
for new problems.

• Independent

Generalised AI doesn’t require human interference to define the parameters of its
learning algorithms and to provide the relevant training data to ensure accuracy.

2.1.3 Machine Learning

Machine learning is a branch of artificial intelligence that uses statistical techniques or algo-
rithms to enable a computer to become better at what it does.

Machine learning discovers patterns and structures, finds unusual data points, predicts values
and categories, and solves a variety of problems. It also allows companies to consume very
large amounts of data from a variety of sources and make send out of it.

2.2 Machine Learning Concepts

Depending on the problem and data available, various methods can be used to create a
prediction, these methods differ on the way the solution is approached and how the data is
used.

2.2.1 Supervised Learning

Supervised learning is based on training a data sample from a data source with correct
classification already assigned (Sathya and Abraham 2013). Such techniques are utilized in
feed forward or Multi Layer Perceptron models, diagram in Figure 2.1.
These MLP have three distinctive characteristics:

• One or more layers of hidden neurons that are not part of the input or output layers
of the network that enable the network to learn and solve any complex problems.

• The non-linearity reflected in the neuronal activity is variant.

• The interconnection model of the network exhibits a high degree of connectivity.
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Figure 2.1: Supervised Learning

2.2.1.1 Classification Algorithms

Classification is one of the most frequently encountered decision making tasks of human ac-
tivity. A classification problem occurs when an object needs to be assigned into a predefined
group or class based on a number of observed attributes related to the object in question
(Classification Algorithms in Machine Learning: How They Work 2020).

2.2.1.2 Logistic Regression

Logistic regression is a calculation used to predict a binary outcome. Independent variables
are analyzed to determine the outcome with the results falling into one of two categories.
These variables can be categorical or numeric, but the dependent variable is always categor-
ical.

P (Y = 1|X) or P (Y = 0|X)

It calculates the probability of dependent variable Y, given independent variable X.

Advantages

• Simple to implement.

• Effective.

• Feature scaling not needed.

• Hyper-parameters tuning not required.

Disadvantages

• Poor performance on non-linear data.

• Poor performance with irrelevant and highly correlated features.
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• Can be easily outperformed by other algorithms.

• High reliance on proper presentation of data.

2.2.1.3 Naive Bayes Classifier

Naive Bayes calculates the possibility of whether a data point belongs within a certain
category or not.

P (A|B) = P (B|A)xP (A)
P (B)

Advantages

• Very fast for real time predictions.

• Scalable with large datasets.

• Insensitive to irrelevant features.

• Multi class prediction.

• Good performance with high dimensional data.

Disadvantages

• Independence of features impacts negatively.

• Probability outputs are not very accurate.

• Training data is required to accurately represent population.

2.2.1.4 K-Nearest neighbor

K-nearest neighbors (K-NN) is a pattern recognition algorithm that used training datasets
to find the k closest relatives in future examples.

When K-NN is used in classification, the calculations are done to place data within the
category of its nearest neighbor. If k = 1, then it would be placed in class nearest 1. K is
classified by a plurality poll of its neighbors, example in Figure 2.2.

Advantages

• Simple to understand.

• No assumption about data.

• Constantly evolving.

• Can solve multi-class problems.

Disadvantages

• Slow for large datasets.

• Worse for datasets with a large number of features.

• Has to scale data.

• Does not work well on imbalanced data.

• Sensitive to outliers.
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• Can’t deal with missing values.

Figure 2.2: K-Nearest Neighbor Method

2.2.1.5 Decision Tree

A decision tree is great for classification problems, as it’s able to order classes on a precise
level. It works like a flow chart, separating data points into two similar categories at a time
from the "tree trunk" to "branches" to "leaves", where the categories become more finitely
similar. This creates categories within categories, allowing for organic classification with
limited human supervision, shown example in Figure 2.3.

Advantages

• Normalization or scaling of data not needed.

• Can handle missing values.

• Easy to explain.

• Easy visualization.

• Automatic feature selection.

Disadvantages

• Prone to overfitting.

• Sensitive to data changes.

• Higher time required to train.
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Figure 2.3: Decision Tree Method

2.2.1.6 ARIMA

Auto Regressive Integrated Moving Average (ARIMA) is based on an Auto Regressive Mov-
ing Average (ARMA) but fitted to time series data to better understand the data or to
predict points in the future. The model uses three integers greater than or equal to zero:

• Auto Regressive Part (AR)

Dependent relationship between an observation and some number of lagged observa-
tions.

• Integrated Part (I)

The differencing of raw observations in order to make the time series stationary

• Moving Average Part (MA)

Dependency between an observation and a residual error from a moving average applied
to lagged observations.

An ARIMA process has the following formula:

(1−
p∑
i=1

φiL
i)(1− L)dXt = (1 +

q∑
i=1

θiL
i)εt

Where L is the lag operator, the φi are the parameters of the auto regressive part of the
model, the θi are the parameters of the moving average part, the εi are error terms and d
is a positive integer that controls the level of differencing.
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2.2.1.7 Random Forest

The random forest is an expansion of a decision tree, in that, firstly it’s constructed some
axis real world decision trees with training data, then fit your new data within one of the
trees as a "random forest".

It averages the data to connect it to the nearest tree on the data scale. Random forest
models are helpful as they remedy for the decision tree’s problem of "forcing" data points
within a category unnecessarily.

The algorithm is characterized by these parameters:

• Max Features

Represents the maximum number of features the algorithm is allowed to try in an
individual tree. By increasing this value, the accuracy of the model increases as the
number of considered options for each node is higher. This value greatly impacts the
speed of the model’s training, so striking a balance is necessary for each occasion.

• N Estimators

Number of trees to be created before taking the maximum voting or averages of
predictions. Like the number of max features, the higher the number of n estimators
the better the accuracy but lower the speed.

• Min Sample Leaf

Sample size to be considered in each leaf of the decision tree (the last node of each
branch). This value also represents the complexity on each leaf, meaning that a smaller
value can introduce noise in the training data.

Advantages

• Able to deal with highly correlated data.

• Reduced error.

• Good performance on imbalanced datasets.

• Good handling of huge amount of data.

• Overcomes missing data.

• Little impact of outliers.

• No problem of overfitting.

• Useful to extract feature importance.

Disadvantages

• Features need to have some predictive potencial.

• Predictions of the trees need to be uncorrelated.

• Difficult to measure optimal parameters.
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2.2.1.8 Support Vector Machines

A support vector machine (SVM) uses algorithms to train and classify data within degrees
of polarity, taking it to a degree beyond X/Y prediction.

The SVM assigns a hyper-plane that best separates the results by drawing a line between
the clusters and thus declaring each cluster as positive and negative. The more complex the
data, the more accurate the predictor will become, shown in Figure 2.4.

Advantages

• Optimized for datasets with higher dimensions.

• One of the best algorithms when classes are separable.

• Outliers have less impact.

• Suited for extreme case binary classification.

Disadvantages

• Requires a large amount of time to process larger datasets.

• Poor performance with overlapped classes.

• Selecting appropriate hyper parameters is important.

• Selecting the appreciate kernel function is difficult.

Figure 2.4: Support Vector Machine Method

2.2.1.9 Regression Algorithms

Regression outputs for probability as a continuous number value between 0 and 1. It predicts
quantities or the probability that something will occur, like property values in a particular
location or the effects an economic crisis may have on the stock market (Bhatia 2021).



2.2. Machine Learning Concepts 11

2.2.1.10 Simple Linear Regression

Simple linear regression is a statistical method that enables users to summarise and study
relationships between two continuous variables. Linear regression is a linear model wherein
a model that assumes a linear relationship between the input variables and the single output
variable, example depiction in Figure 2.5.

Figure 2.5: Simple Linear Regression Method

2.2.1.11 Lasso Regression

LASSO stands for Least Absolute Selection Shrinkage Operator wherein shrinkage is de-
fined as a constraint of parameters. The goal of lasso regression is to obtain the subset
of predictors that minimize prediction error for a quantitative response variable. The algo-
rithm operates by imposing a constraint on the model parameters that causes regression
coefficients for some variables to shrink towards a zero.

Variables with a regression coefficient equal to zero after the shrinkage process are excluded
from the model. Variables with non-zero regression coefficients variables are most strongly
associated the the response variable. Explanatory variables can be either quantitative or
categorical. This lasso regression analysis is a shrinkage and variable selection method and
it helps analysts to determine which of the predictors are the most important, example in
Figure 2.6.

Advantages

• Good at selecting features.

• Avoids overfitting.

Disadvantages
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• Selected features are highly biased.

• Algorithm selects arbitrary one feature from a set of correlated features.

• For different data, the feature selected can be very different.

• Prediction performance is worse than other algorithms.

Figure 2.6: Lasso Regression Method

2.2.2 Unsupervised Learning

Self-Organizing neural networks learn using unsupervised learning algorithms to identify hid-
den patterns in unlabelled input data. This unsupervised refers to the ability to learn and
organize information without providing an error signal to evaluate the potential solution. The
lack of direction for the learning algorithm can sometimes be advantageous, since it lets the
algorithm to look back for patterns that have not been previously considered, diagram in
Figure 2.7.
The main characteristics are:

• It transforms an incoming signal pattern of arbitrary dimension into one or 2 dimen-
sional map and performs this transformation adaptively.

• The network represents a feed-forward structure with a single computational layer
consisting of neurons arranged in rows and columns.

• At each stage of representation, each input signal is kept in its proper context.
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• Neurons dealing with closely related pieces of information are close together and they
communicate through synaptic connections.

Figure 2.7: Unsupervised Learning

2.2.2.1 Clustering

Clustering is the task of dividing the population or data points into a number of groups such
that data points in the same group are more similar to other data points in the same group
and dissimilar to the data points in other groups (Clustering in Machine Learning 2020).

Clustering is used to determine the intrinsic grouping among the unlabeled data present.
This algorithm must make some assumptions which constitute the similarity of points and
each assumption makes different and equally valid clusters, shown example in Figure 2.8.
Some of the methods used are:

• Density Based: This method considers the clusters as the dense region having some
similarity and difference from the lower dense region of the space. This method has
good accuracy and the ability to merge two clusters.

• Hierarchical Based: The clusters formed in this method forms a tree shaped structure
based on the hierarchy. New clusters are formed using the previously formed one.

• Partitioning: This method partitions the objects into k clusters and each partition
forms one cluster. This method is used to optimize an objective criterion similarity
function such as when the distance is a major parameter.

• Grid Based: In this method the data space is formulated into a finite number of cells
that form a grid like structure. All the clustering operation done on these grids are
fast and independent of the number of data objects.
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Figure 2.8: Clustering Method

2.2.3 Reinforced Learning

Reinforced learning is explained mostly as "trial and error". In reinforcement learning, a
machine or computer program chooses the optimal path or next step in a process based
on previously learned information. Machines learn with maximum reward reinforcement for
correct choices and penalties for mistakes (Top Machine Learning Algorithms Explained:
How Do They Work? 2020).

Like unsupervised learning, reinforcement models don’t learn from labeled data, but instead
of finding patterns, they learn by trial and error, diagram in Figure 2.9.
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Figure 2.9: Reinforced Learning

2.2.4 CRISP-DM

Cross-Industry Standard Process for Data Mining (CRISP-DM) is a comprehensive data
mining methodology and process model that provides anyone with a complete blueprint for
conducting a data mining project, depiction in Figure 2.10.

CRISP-DM divides the life cycle of a data mining project into six phases:

1. Business Understanding

• Understanding project objectives and requirements;

• Data mining problem definition;

2. Data Understanding

• Initial data collection and familiarization;

• Identify data quality issues;

• Initial obvious results;

3. Data Preparation

• Record and attribute selection;

• Data cleaning;

4. Modeling

• Run the data mining tools;

5. Evaluation

• Determine if results meet business objectives;
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• Identify business issues that should have been addressed earlier;

6. Deployment

• Put the resulting models into practice;

• Set up for continuous mining of the data;

Advantages

• Cost effective.

• Encourages best practices.

• Uniform framework.

• Industry standard.

Figure 2.10: CRISP-DM Method

2.2.5 LSTM

Long Short-Term Memory (LSTM) networks are a modified version of a recurrent neural
networks, which makes it easier to remember past data in memory. LSTM is well-suited to
classify, process and predict time series given time lags of unknown duration. It trains the
model by using back-propagation (Mittal 2019), example diagram in Figure 2.11.

1. Input gate: Discover which value from input should be used to modify the memory.
Sigmoid function decides which values to let through and tanh function gives weightage
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to the values which are passed deciding their level of importance.

it = σ(Wi .[ht − 1, xt ] + bi)

Ct = tanh(WC .[ht − 1, xy ] + bC)

2. Forget gate: Discover what details to be discarded from the block. It’s decided by
the sigmoid function. it look at the previous state and the current input and outputs
a number between 0 and 1.

ft = σ(Wf .[ht − 1, xt ] + bf )

3. Output gate:The input and the memory of the block is used to decide the output.
Sigmoid function decides which values to let through and tanh function gives weightage
to the values which are passed deciding their level of importance and then it’s multiplied
with the sigmoid output.

ot = σ(Wo .[ht − 1, xt ] + bo)

ht = ot .tanh(Ct)

Advantages

• Optimal for:

– Language modelling.

– Image processing.

– Speech and handwriting recognition.

– Music generation.

– Language translation.

Disadvantages

• Fails to resolve vanishing gradients.

• Requires a lot of resources and time.

• Has a limit for long term information.

• Easily affected by random weights.

• Prone to overfitting.
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Figure 2.11: LSTM Method

2.3 Related work

2.3.1 Neural Networks

A Neural Network is a bio-inspired system with several single processing elements, called
neurons. The neurons are connected each other by joint mechanism which is consisted
of a set of assigned weights. Multi layer perceptron (MLP) is a common approach in
regression-type problems. A MLP network has three layers: input layer, output layer, and
hidden layer. Neuron takes the values of inputs parameters, sums them up according to
the assigned weights, and adds a bias. By applying the transfer function, the value of the
outputs would be determined. The number of neurons in input layer corresponded to the
number of input parameters. The architecture of a typical MLP is presented in Figure 2.12
(Hedayati, Moghaddam, and Esfandyari 2016).
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Figure 2.12: Neural Network

There are several learning techniques such as scaled conjugate gradient (SCG), Theory of
Levenberg-Marquardt (LM), Theory of Bayesian regularization (BR), etc. that are using for
training and developing the constructed models

2.3.1.1 Theory of Levenberg- Marquardt

Developed to approximate the second-order training speed to avoid the computation of the
Hessian matrix and used for solving a non-linear least square problem. One of the significant
merits of this approach is that it performs similarly to gradient search and Newton method
for large values, merges the best attributes of the steepest-descent algorithm and the Gauss-
Newton technique.

2.3.1.2 Theory of scaled conjugate gradient

Used with the intent to reduce the performance function by doing the search along the
conjugate gradient direction to find the step size due to the nature of most back-propagation
algorithms modifying the step size in each iteration causing an impact on the speed of the
system. A key ad-vantage of this algorithm is that it does not line search at each iteration
as compared to all other methods, lowering the need for more computation-ally expense
hardware.
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2.3.1.3 Theory of Bayesian regularization

Bayesian regularized artificial neural networks eliminate or reduce the requirement for lengthy
cross-validation. Hence perform more robustly than standard back-propagation. Is a math-
ematical process that converts a non-linear regression into a structured statistical problem
in the manner of ridge regression. A key advantage of this algorithm is that it considers the
probabilistic nature of the weights in the network related to the given data set.

2.3.1.4 Case Study

In 2015 a study was made to predict the NASDAQ index. The methodology used in this
study considered the short-term historical stock prices as well as the day of week as inputs
(Hedayati, Moghaddam, and Esfandyari 2016).

Daily stock exchange rates of NASDAQ from January 28, 2015 to 18 June, 2015 are
used to develop a robust model. First 70 days (January 28 to March 7) are selected as
training dataset and the last 29 days are used for testing the model prediction ability. For
constructing the model, training, and testing procedure MATLAB software R2010a was
used. The performance of ANNs was evaluated using the determination coefficient (R2)
and the mean square error (MSE) of the modeled output [1].

2.3.1.5 Results

The study divided the experiments in two types, first using four prior working days and then
nine prior working days. For each type, they did 7 experiments with the same neural network
model, with 3 hidden layers with 20-40-20 neurons respectably and using different training
and transfer functions, see Table 2.1. From the results, we can notice that the R2 score is
very good throughout the training and tests done, meaning that we could theoretically use
any of the training and transfer functions for our purpose that we would get good results.
Overall, training with the Levenberg- Marquardt function gave the best results.

Table 2.1: Trained models and their R2 score

After determining the optimal training function, they had to determine the optimal number
of hidden layers and neurons to use. The method they used was to randomly divide data
retrieved from 99 days, leaving 60% to train, 20% to validate and the rest for the testing.
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They compared the model validation’ R2 score of various structures and have chosen the
best one on both types of experiments, refer to Table 2.2 and Table 2.3.

Four prior working days

Table 2.2: Various model structures for four working days and their R2 score

As seen on Table 2.2, R2 score had desirable values when the number of hidden layers was
2 and the number of neurons in hidden layers were 40. It is worthwhile noting that any
changes in number of neurons would influence the model proficiency.
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Figure 2.13: Real and predicted NASDAQ index values for four prior days
from 28 January to 18 June 2015

Figure 2.13 shows the real and predicted NASDAQ index values for four prior days in 99
days.

Nine prior working days

Table 2.3: Various model structures for nine working days and their R2 score
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In Table 2.3, it is found that a network with three hidden layers and 20-40-20 neurons in
hidden layers was the optimized network.

Figure 2.14: Real and predicted NASDAQ index values for nine prior days
from 28 January to 18 June 2015

Figure 2.14 shows the real and predicted NASDAQ index values for nine prior days in 99
days. Accordingly, there is no distinct difference between the prediction ability of the four
and nine prior working days as input parameters.

2.3.1.6 Conclusion

The model uses the values of NASDAQ exchange rate of last four and nine working days
as well as the day of week as the input parameters. For four prior working days, applying
OSS training method and TANGSIG transfer function in a network with 20-40-20 neurons
in hidden layers resulted in an optimized trained network with R2 values of 0.9408 for
validation dataset. For this dataset, the maximum R2 values for the networks with OSS
training method and TANGSIG transfer function would be obtained when the number of
hidden layers was 2 and the number of neurons was 40-40. For nine prior working days a
network with 20-40-20 neurons in hidden layers, OSS training method and LOGSIG transfer
function are the optimized network with validation R2 of 0.9622. The model outputs show
that there is no distinct difference between the prediction ability of the four and nine prior
working days as input parameters.
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2.3.1.7 Case Study 2

In 2020, an article was written with the intent to report an attempt of predicting the stock
market using LSTM. It used data of daily opening prices of two stocks in the New York
Exchange NYSE (GOOGL and NKE) extracted from Yahoo! Finance. The GOOGL’s data
covered the period going from 19/8/2004 to 19/12/2019 and the NKE’s data was from
4/1/2010 to 19/12/2019 (Moghar and Hamiche 2020).

The model was build using the LSTM method, it used 80% of the data for the training
process and the remaining for the testing process. They used the mean squared error to
optimize the model and trained with various epochs, refer to 2.4.

Table 2.4: LSTM model summary

2.3.1.8 Results

After training the neural network the result of the testing has shown different results, the
number of epochs as well the length of the data have both significant impact on the testing
result.

Figure 2.15: Result of the training for the NKE stocks with different dataset
times

After observing the data, we can see that at first the data was less volatile and have lower
values, in the figure 2.15, the red lines represent the real market values and the blue lines
represent the predicted price value, after the NKE start having bigger values, the asset
becomes more volatile, then the nature of this asset changed. In the case is better to avoid
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this type of change. The model has lost trace of opening princes around 600 to 700 days of
testing which conforms the change in data. The result for the dataset for different number
of epochs is given by the figure 2.16

Figure 2.16: Result of training for NKE and GOOGL stocks with different
number of epochs

For different datasets we can observe that training the less data and more epochs can
improve our testing result and at the same time allows us to have a better forecast and
prediction values. The following table 2.5 shows the precision of the training and testing for
all the epochs for both NKE and GOOGL asset prices.

2.3.1.9 Conclusion

This case study proposes RNN based on LSTM built to forecast future values for both
GOOGL and NKE assets, the result of the model has shown some promising results. The
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testing result conforms that the model is capable of tracing the evolution of opening prices
for both assets

Table 2.5: The value of loss for GOOGL and NKE for different number of
epochs

2.3.2 Natural Language Processing

Natural Language Processing (NLP) refers to the manipulation of natural languages, such
as text, by software. Some of the most common applications of NLP include speech recog-
nition, chat-bots, auto-correct, virtual assistants, and sentiment analysis (Velay and Daniel
2018).

2.3.2.1 Case Study

On June 2018, a study was made using Natural Language Processing to predict the DJIA
stock market index. They extracted indicator vectors using NLP techniques,such as Lin-
ear Discriminant Analysis, Decision Trees, Naive Bayes, etc, which allowed them to train
different algorithms to predict the trend.

Using news headlines as the source for the training process, they started by removing stop
words and named entities as these would prevent the making of a complete autonomous
system due to the necessity of adjacent context analysis. Then they converted the remaining
words to vectors of fixed length to compose the dataset.

2.3.2.2 Results

After testing most of the combinations of embedding and algorithms, they found that results
rarely improved on luck. Deep learning algorithms especially had difficulty figuring out the
link between the headlines and the index trend.

These predicted single values for whatever input was provided, generally around 0.5, which
shows very low confidence in the selected class. The best results they found were using
linear regression on bag-of-words vectorized data, which had a 57% accuracy. The results
using this configuration can be found in Table 2.6. They believe this result is due to the
algorithms not properly extracting information from the large vectors. The headlines are
also very context dependent, with recurrent actors for periods of times, before becoming
irrelevant. This means that their models should be trained on short time frames, unless it
learns information that will not help predict future trends. This limitation also implies that
the system is unable to react to breaking news due to not knowing enough about its context
to correctly predict a trend.
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Table 2.6: Accuracy of used algorithms

2.3.2.3 Conclusion

In this case study, it was analyzed several techniques used in predicting market trends using
news articles. Different encoding techniques using work embedding were detailed. It was
suggested the use of classification algorithms in order to process the news articles and predict
the future trends of the DJIA index.

The study resulted in the finding thta, over a long period of time, there was little to no
correlation between news sentiment and the DJIA index trends. The results of the different
word embedding techniques to predict the trend were found out to be just slightly better
than random.

The following suggestions might improve the results obtained, but there are still flaws in the
idea that a model trained on past news could predict future trends. These flaws can not be
resolved until future Machine Learning models are able to learn broad context of unrelated
events which humans rely on the process new information, in particular news articles.

2.4 Technologies

2.4.1 Programming Languages

2.4.1.1 Python

Python was released in 1989 with a philosophy that emphasizes code readability and effi-
ciency. It is an object-oriented programming language, which means it groups data and code
into objects that can interact with and modify one another. Java, C++, and Scala are other
examples. This sophisticated approach allows data scientists to execute tasks with better
stability, modularity, and code readability (Science 2020), logo displayed in Figure 2.17.
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Figure 2.17: Python logo

Advantages

• Supports all kinds of different data formats;

• Able to easily create datasets and analise them in-depth;

• Lots of reference and documentation available;

• Pandas can easily scan through the data and clean it;

• Numpy and scikit-learn are very powerful computational Python libraries;

• Matplotlib is able to generate basic to advanced graphs and charts of the data;

Disadvantages

• Very dependant of third-party libraries to do most tasks;

2.4.1.2 R

R was developed in 1992 and was the preferred programming language of most data scientists
for years. It is a procedural language which works by breaking down a programming task
into a series of steps, procedures, and subroutines. This is a plus when it comes to building
data models because it makes it relatively easy to understand how complex operations are
carried out; however, it is often at the expense of performance and code readability, logo
displayed in Figure 2.18.

Figure 2.18: R logo

Advantages

• Can import data from Excel, CSV and text files;

• Mainly built for statistical and numerical analysis of large data sets;

• Basic functionality encompasses the basics of analysis, optimization, machine learning,
etc;

Disadvantages

• Package dependant for data collection tasks;

• Relies on third-party libraries for more intensive work;
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2.4.1.3 PHP

The name PHP stands for Hypertext Preprocessor and denotes a server-side scripting lan-
guage, which suggests that applications written thereon run on web servers and don’t depend
upon the online browser. Syntax of PHP language is analogous to C language. It is created
by Rasmus Lerdorf and it appeared in 1995. PHP is being widely utilized in developing web
applications and become one among main languages for developers to make new applications
(Advantages and Disadvantages of PHP 2020), logo displayed in Figure 2.19.

Leading social networking sites like Facebook and reputed organizations like Harvard Univer-
sity are both supported PHP which makes PHP popular and increases its credibility.

Figure 2.19: PHP logo

Advantages

• Free and open source;

• Platform independent;

• Faster rate of loading over slow internet and speed;

• Easy to learn;

• Progressively stable;

• Powerful library support;

• Very flexible;

Disadvantages

• Less secure;

• Not suitable for big content-based web applications;

• Can be daunting due to the large amount of frameworks;

• Basic PHP lacks debugging tools;

2.4.1.4 Conclusion

For Data Science tasks both programming languages, Python and R, are suitable but, Python
offers more capability for machine learning and deep learning projects due to its community-
driven libraries that are constantly update and well documented.

For the development of the web application, PHP will be used as a result of the project
being a simple user interface to show the neural network outcome.
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2.4.2 Development Tools

2.4.2.1 Jupyter Notebook App

Jupyter Notebook App produce documents, which contain both computer code and rich text
elements. These documents are both human-readable documents containing the analysis
description and the results as well as executable documents which can be run to perform
data analysis, logo displayed in Figure 2.20.

Figure 2.20: Jupyter logo

Advantages

• Visually intuitive organization of code.

• Static display of function outputs.

• Easy replication of notebooks.

• Data exploration and visualization

Disadvantages:

• No testing integration.

• Can’t integrate with other IDE’s.

• Difficult python code styling.

2.4.2.2 Spyder

Spyder is a free and open source scientific environment written in Python for Python and
designed by and for scientists, engineers and data analysts. It features a unique combination
of the advanced editing, analysis, debugging, and profiling functionality of a comprehen-
sive development tool with the data exploration, interactive execution, deep inspection and
beautiful visualization capabilities of a scientific package, logo displayed in Figure 2.21.

Figure 2.21: Spyder logo

Advantages
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• Well formatted comments.

• Best suited for data analysis and reporting.

• Attractive interface and UI.

Disadvantages

• Not suitable for collaborative work.

• Difficult to setup.

• Only works with Python.

2.4.2.3 Visual Studio Code

Visual Studio Code is a lightweight but powerful source code editor which runs on your
desktop and is available for Windows, macOS and Linux. It comes with built-in support
for JavaScript, TypeScript and Node.js and has a rich ecosystem of extensions for other
language and runtimes, logo displayed in Figure 2.22.

Figure 2.22: Visual Studio Code logo

Advantages

• Manages any npm-based applications.

• Can customize the entire environment.

• Easy integration with Git.

• Easy to learn.

• Ideal for simples projects.

Disadvantages

• Debugging is slow.

• Requires a lot of allocated RAM memory.

• Extension management can get complicated.
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Chapter 3

Analysis and Design

3.1 Problem Description

The stock market is an attractive area for those who intend to obtain extra income, but
due to its volatility and complexity, people are susceptible to a great degree of risk if they
don’t have the necessary knowledge or enough time to spend learning. At the moment there
are some platforms that try to predict prices of stock markets by various means although
they’re very uncertain and prone to subjective parameters that cannot be measured through
statistics.

3.2 Objectives

This project aims to help those with or without prior experience on stock markers and all its
related subjects. By providing this assistance, the user will be able to make better choices
on their selection of shares, and also be able to maintain a constant surveillance of possible
opportunities. It seems to be very difficult to replace the professionalism of an experienced
trader for predicting the stock price, but because of the availability of a remarkable amount
of data and technological advancements we can now be able to formulate an appropriate
algorithm for prediction whose results can be used to help investors make profit. These
algorithms’ accuracy is directly proportional to gains made by using them.

3.3 Investigation

This project will make use of historical data from various stock markets and with that create
machine learning models capable of producing predictions about the future prices of those
stock markets, by doing so, it will be able to make a correct assessment and help investors
in their decisions.

3.4 Data Sources

3.4.1 Datasets

3.4.1.1 Yahoo! Finance

Yahoo! Finance is a media property that is part of Yahoo!’s network. It provides financial
news, data and commentary including stock quotes, press releases, financial reports, and
original content. It also offers some online tools for personal finance management. In
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addition to posting partner content from a wide range of other web sites, it posts original
stories by its team of staff journalists.

Neural networks will use datasets provided by Yahoo! Finance, which contain daily historical
data of stock prices, example shown in Table 3.1.

Table 3.1: Example of stock market historical data provided by Yahoo! Fi-
nance

For the basis of training the various models and comparing algorithms, information was
divided in various datasets, by sector and country

3.5 Domain Model

The domain model has the following concepts:

• User

The credentials of a user of the application.

• Investor

A user of the application that has a portfolio.

• Portfolio

A portfolio that belongs to an investor and consists of stock markets.

• Stock Market
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A stock market is the shares of a company, it belongs to a market place and it can
belong to a portfolio.

• Market Place

A market place is a group of stock markets and has a time zone.

• Time Zone

A time zone belongs to a market place.

• Stock Market Prediction

A prediction made by the machine learning model to each stock market.

Domain model diagram in Figure 3.1.

Figure 3.1: Domain Model

3.6 Use Cases

Diagram depicting the actions users can perform in the web application, Figure 3.2.
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Figure 3.2: Use Cases

3.6.1 Register

• Description:

– A unregistered user can register in the web application so that he can make use
of the other functionalities.

• Pre-conditions:

– None

• Post-condition:

– Non registered user is registered in the data base.

• Basic Path:

1. The non registered user intends to register.

2. The system prompts the user with a form to fill in.

3. The user fills in his information.

4. The system registers the user in the data base.
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3.6.2 Login

• Description:

– A user inserts their credential to access the functionalities of the web application.

• Pre-conditions:

– The user is registered.

• Post-condition:

– User gains access to the functionalities of the web application.

• Basic Path:

1. The user intends to Login.

2. The system prompts the user with a form to fill in.

3. The user fills in his credentials.

4. The system redirects the user to the main page.

3.6.3 Add Stock Market

• Description:

– A user can add a stock market to his portfolio.

• Pre-conditions:

– The user is registered.

– There’s at least one stock market in the database.

• Post-condition:

– The stock market is registered in the user’s portfolio.

• Basic Path:

1. The User intends to add a stock market to his portfolio.

2. The system prompts the user with a list of stock markets.

3. The user chooses one or more from the list provided.

4. The system registers the stock markers chosen by the user in his portfolio.

3.6.4 Remove Stock Market

• Description:

– A user can remove a stock market from his portfolio.

• Pre-conditions:

– The user is registered.

– There’s at least one stock market in the user’s portfolio.

• Post-condition:
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– The stock market is removed from the user’s portfolio.

• Basic Path:

1. The User intends to remove a stock market from his portfolio.

2. The system prompts the user with the list of stock markets from his portfolio.

3. The user chooses one or more from the list provided.

4. The system removes the stock markers chosen by the user from his portfolio.

3.6.5 Read Prediction Results

• Description:

– A user can read the results of the predictions made for the stock markets in his
portfolio.

• Pre-conditions:

– The user is registered.

– There’s at least one stock market in the user’s portfolio.

– There’s at least one prediction result of a stock market present in the user port-
folio.

• Post-condition:

– The user reads the prediction results.

• Basic Path:

1. The User intends to read the prediction results.

2. The system shows the registered results to the user.

3. The user chooses one or more from the list provided.

4. The system removes the stock markers chosen by the user from his portfolio.

3.6.6 Predict Price Tendency

• Description:

– A user wishes to calculate the prediction of the stock markets in his portfolio.

• Pre-conditions:

– The user is registered.

– There’s at least one stock market in the user’s portfolio.

• Post-condition:

– A prediction is created for each stock markets in the user’s portfolio .

• Basic Path:

1. The User intends to calculate a prediction.
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2. The system shows the result of the requested prediction.

3.7 Non-Function Requirements

Using the FURPS model, the following non-function requirements were considered.

3.7.1 Functionality

The web app has to permit the access through smartphones’ web browsers.

3.7.2 Reliability

The server hosting the web app should be able to be available 24/7 and reduce its proneness
to energy failure.

3.7.3 Performance

Due to the nature of the stock markets, the server hosting the web app has to withstand
the amount of users connected and deliver the complete content with a reasonable speed.

3.7.4 Supportability

Additional functionalities may be added to the web app due to user request or by necessity.

3.8 Component Model

Diagram that shows the components that the project is composed by, Figure 3.3

Figure 3.3: Component Model
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Chapter 4

Value Analysis

4.1 Value

Value refers to the worth in monetary terms of the technical, economic, service and social
benefits a customer or company receives in exchange for the price it pays for a market
offering. The customer action is traditionally a purchase, but could be a sign-up, a vote
or a visit, while the cost refers to anything a customer must forfeit in order to receive the
desired benefit, such as money, data, time and knowledge (Kopp 2020).

4.2 Perceived Value

Perceived value is the customer’ evaluation of the merits of a product or service, and its
ability to meet their needs and expectation, especially in comparison with its peers. It comes
down to the price the public is willing to pay for a good or service. Even a snap decision
is a store involves an analysis of a product’s ability to fulfill a need and provide satisfaction
compared to other products under different brand names. The pricing of products takes
perceived value into consideration,. In some cases, the price of a product or service may
have more to do with its emotional appeal than with the actual cost of production.

4.3 CANVAS

Appendix A

4.4 QFD

Appendix B

4.5 Functional Requirements
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Chapter 5

Case Study

5.1 Datasets

5.1.1 Datasets by sector

These sectors were chosen based of their prevalence on the market and due to their innate
differences in price volatility and strength.

5.1.1.1 Energy

The energy market is very volatile since its value not only depends on their competitors
but also on their primary resources needed to meet the demands, many companies seek
to expand their market by providing various ways to supply energy for consumer use. As
such, it’s interesting to see if all these factors are significant enough to prove a challenge to
predicting models to provide a value close to reality, Table 5.1.
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Table 5.1: Various Stock Markets on the Energy Sector

5.1.1.2 Healthcare

Healthcare is characterized by the ability to prevent, diagnose, and treat physical and mental
illnesses. As such, the market fluctuates when these services are required. It’s a relative
stable market but events like a global health crisis is sure to impact the status quo. By its
stable nature, this sector was chosen to provide a bigger variety of cases to the training
models, Table 5.2.
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Table 5.2: Various Stock Markets on the Healthcare Sector

5.1.1.3 Technology

Technology encapsulates a wide range of classifications, mostly anything can be called tech-
nology or at least depend on it. It’s a very volatile market because the sheer number of
ways its value can be influenced. It’s possible that the prediction models trained with these
markets are susceptible to less reliable results, Table 5.3.
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Table 5.3: Various Stock Markets on the Technology Sector

5.1.2 Datasets by Country

These chosen criteria for these countries were the number of available information and the
variety of sectors their markets participate on.

5.1.2.1 Australia

Australia has a very strong financial sector as it can influence banks worldwide and provide
safe and profitable investments, meanwhile the cost of living is very high due to taxes and the
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amount of common products it exports are not enough to make an impact on the economy,
Table 5.4.

Table 5.4: Various Stock Markets in Australia

5.1.2.2 Germany

Germany relies heavily on education, being able to provide a competent workforce capable
of increasing a company’s reputation and profit if applied well, but this gives way to their
major economic weakness, the labor cost is very high probably due to high demands to the
workforce, because of this many startups or small companies are unable to keep functioning,
Table 5.5.
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Table 5.5: Various Stock Markets in Germany

5.1.2.3 United States of America

The USA is a major economic superpower, due to this, it invites many influential people to
start their companies there, providing a wide diversity of products that paired with people’s
higher buying power creates a capitalist ecosystem, that leads to a bigger inequality of wealth
distribution that impairs the economic growth of the individual, Table 5.6.

Table 5.6: Various Stock Markets in the USA
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5.2 Prediction Models

For the basis of training prediction models using the proposed datasets, the following algo-
rithms were considered.

5.2.1 ARIMA

5.2.1.1 Model Parameters

• Auto Regression

To determine the best value for this parameter, a Partial auto correlation plot (PACF)
is used. Partial correlation is the correlation between the series and its lag, PACF
conveys the pure correlation between the lag and the series allowing us to know what
lag is needed (Tinungki 2019).

Any auto correlation in a stationarized series can be rectified by adding enough terms.
The Auto Regression parameter has to be equal to as many lags that crosses the
significance limit in the PACF plot, as demonstrated in Figure 5.1

Figure 5.1: Example of a Partial Correlation Plot

• Integrated

To make use of the Integrated part of the algorithm, the data has to be stationary,
meaning that the mean is consistent throughout the entire time series, using the
Augmented Dickey-Fuller Test (Mushtaq 2011) it’s possible to check this fact. This
parameter represents the number of times the data has to be differenced to become
stationary.

• Moving Average

It refers to the number of lagged forecast errors that should be considered in the
model. For this a Auto correlation function (ACF) is used, and by its plot, Figure 5.2,
we can determine the suitable value that should be the first closest to the significance
line.
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Figure 5.2: Example of a Auto Correlation Plot

• Historical Data

The amount of historical data was considered by taking both the p-value from the
Augmented Dickey-Fuller Test and the number of optimal lags.

5.2.2 Random Forest

5.2.2.1 Model Parameters

• Max Features

To determine the ideal value, a correlation plot was performed. From that plot we can
see that the columns "Open", "High", "Low", "Close" have really high correlation
between them, this means that one value from these columns can confidently predict
the others, for that reason, only one of these will be considered, shown correlation in
Table 5.7.

Table 5.7: Correlation plot of dataset features

• N Estimators

This value’s is very hard to optimize, since its contribution to the overall model’s
accuracy depends heavily on the dataset data and distribution.
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Table 5.8: Best Errors for each iteration and historical data

For this reason, this value will be kept at 100 for the training process of all models.

• Historical Data

The amount of historical data to be processed will depend on the average baseline
error of the dataset, the dataset with the least average baseline error will be used.

Table 5.9: Average baseline error for various historical data
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5.2.3 Neural Network

5.2.3.1 Model Parameters

• Epochs

The number of epochs, refers to the number of cycles the model uses to train. Each
cycle uses the previous ones to try to reduce the error of the next iteration, meaning
that in theory the more cycles it does, the better the model becomes, although this is
not the case, there’s always a threshold where the error becomes worse, so knowing
the ideal number of epochs to use beforehand is very hard. For this reason model
training libraries developed a way to facilitate this, called yearly stopping that makes
the training stop in the instant that the error worsens.

• Sliding Window

It refers to the number of consecutive days considered to predict each subsequent
value. For example, the value at date t and the value at date t + 1 is used to predict
the value at date t +2. The model can train by using the current date t and previous
dates t − 1 as input variables to predict t + 1. For the training of the model in this
project, it was used a sliding window of 5 days.

5.3 Evaluation Methodology

5.3.1 Metrics

5.3.1.1 Root-Mean-Square Error

The root-mean-square deviation (RMSD) or root-mean-square error (RMSE) is a frequently
used measure of the differences between values (sample or population values) predicted by
a model or an estimator and the values observed. The RMSD represents the square root of
the second sample moment of the differences between predicted values and observed values
or the quadratic mean of these differences. These deviations are called residuals when the
calculations are performed over the data sample that was used for estimation and are called
errors (or prediction errors) when computed out-of-sample. The RMSD serves to aggregate
the magnitudes of the errors in predictions for various data points into a single measure of
predictive power. RMSD is a measure of accuracy, to compare forecasting errors of different
models for a particular dataset and not between datasets, as it is scale-dependent.[1]

RMSD is always non-negative, and a value of 0 (almost never achieved in practice) would
indicate a perfect fit to the data. In general, a lower RMSD is better than a higher one.
However, comparisons across different types of data would be invalid because the measure
is dependent on the scale of the numbers used.

RMSD is the square root of the average of squared errors. The effect of each error on RMSD
is proportional to the size of the squared error; thus larger errors have a disproportionately
large effect on RMSD. Consequently, RMSD is sensitive to outliers.

RMSD(θ̂) =

√
MSE(θ̂) =

√
E((θ̂ − θ)2)
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5.3.1.2 R2 Score

The coefficient of determination, denoted R2 or r2 and pronounced "R squared", is the
proportion of the variance in the dependent variable that is predictable from the independent
variable(s).

It is a statistic used in the context of statistical models whose main purpose is either the
prediction of future outcomes or the testing of hypotheses, on the basis of other related
information. It provides a measure of how well observed outcomes are replicated by the
model, based on the proportion of total variation of outcomes explained by the model.

R2 = 1−
Unexplained V ar iation

Total V ar iation

5.4 Results

For each Sector/Zone, the results of the training with each prediction method divided by
individual, sector and global parameters. Best results for each iteration shown in green.

5.4.1 Energy

5.4.1.1 ARIMA

Table 5.10: ARIMA error results for the energy sector

From the Table 5.10, we can notice that the individual training method was much as effective
as the training method for the whole sector. Although the error overall was better when
training individually.
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Table 5.11: ARIMA time results for the energy sector

The Table 5.11 shows that the ARIMA model was faster to train when using the sector’s
parameters.

5.4.1.2 Random Forest

Table 5.12: Random Forest error results for the energy sector
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In the Table 5.12, we can see that the model’s training using individual parameters had
better accuracy.

Table 5.13: Random Forest time results for the energy sector

Table 5.13 demonstrates, as a contrast to the Table 5.12, the time was less when the
accuracy was also lower.
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5.4.1.3 Neural Network

Table 5.14: Neural network error results for the energy sector

Neural Network had overwhelmingly more accuracy when training with the whole sector, as
displayed in the Table 5.14

Table 5.15: Neural network time results for the energy sector
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Like Table 5.14, Table 5.15 demonstrates that the model was better when using the sector
as a training basis.

5.4.2 Healthcare

5.4.2.1 ARIMA

Table 5.16: ARIMA error results for the healthcare sector

In this Sector, the error results were overall balanced, refer to Table 5.16.
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Table 5.17: ARIMA time results for the healthcare sector

The time results are distributed between the individual training and the global training, as
described in Table 5.17.

5.4.2.2 Random Forest

Table 5.18: Random Forest error results for the healthcare sector
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In the Table 5.18, we can see the model had more accuracy using individual training method.

Table 5.19: Random Forest time results for the healthcare sector

The Table 5.19, demonstrates that the model took less time using global parameters.

5.4.2.3 Neural Network

Table 5.20: Neural network error results for the healthcare sector
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In the Table 5.20, the results are balanced.

Table 5.21: Neural network time results for the healthcare sector

The Table 5.21, shows that the best times were between using individual and global param-
eters.
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5.4.3 Technology

5.4.3.1 ARIMA

Table 5.22: ARIMA error results for the technology sector

The Table 5.22 displays the error results as balanced.

Table 5.23: ARIMA time results for the technology sector
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The Table 5.23 shows that the model took less time training with global parameters.

5.4.3.2 Random Forest

Table 5.24: Random Forest error results for the technology sector

In the Table 5.24, its presented that Random Forest had more accuracy using individual
parameters.

Table 5.25: Random Forest time results for the technology sector
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The Table 5.25 shows that the model took less time training with global parameters.

5.4.3.3 Neural Network

Table 5.26: Neural network error results for the technology sector

The results portrayed in the Table 5.26 shows that the results were overall balanced.

Table 5.27: Neural network time results for the technology sector
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The results portrayed in the Table 5.27 shows that the times were overall balanced.

5.4.4 Australia

5.4.4.1 ARIMA

Table 5.28: ARIMA error results for Australia

The results portrayed in the Table 5.28 shows that the results were overall balanced.
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Table 5.29: ARIMA time results for Australia

The results portrayed in the Table 5.29 shows that the results were overall balanced.

5.4.4.2 Random Forest

Table 5.30: Random Forest error results for Australia

In the Table 5.30 the results were balanced but tended towards the individual parameters.
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Table 5.31: Random Forest time results for Australia

The Table 5.31 shows favorable results when the model uses the global parameters.

5.4.4.3 Neural Network

Table 5.32: Neural network error results for Australia

The results portrayed in the Table 5.32 shows that the results were overall balanced.
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Table 5.33: Neural network time results for Australia

The Table 5.33 show better results between individual and sector parameters.

5.4.5 Germany

5.4.5.1 ARIMA

Table 5.34: ARIMA error results for Germany
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The Table 5.34 shows that the results were balanced.

Table 5.35: ARIMA time results for Germany

The Table 5.39 show better results between the sector and global parameters.

5.4.5.2 Random Forest

Table 5.36: Random Forest error results for Germany
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The Table 5.36 demonstrates that the model had more accuracy when using individual
parameters.

Table 5.37: Random Forest time results for Germany

Random Forest took less time training Germany’s data, as shown in Table 5.37.

5.4.5.3 Neural Network

Table 5.38: Neural network error results for Germany
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The Table 5.38 portrays the error results as balanced.

Table 5.39: Neural network time results for Germany

In the Table 5.39, we can see that the model took less time training with individual and
sector parameters.
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5.4.6 United States of America

5.4.6.1 ARIMA

Table 5.40: ARIMA error results for the United States of America

The Table 5.40 presents the results as overall balanced.

Table 5.41: ARIMA time results for the United States of America
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The Table 5.41 shows better results when trained with global parameters.

5.4.6.2 Random Forest

Table 5.42: Random Forest error results for the United States of America

The Table 5.42 presents the results as overall balanced.

Table 5.43: Random Forest time results for the United States of America
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The Table 5.43 shows better results when trained with global parameters.

5.4.6.3 Neural Network

Table 5.44: Neural network error results for the United States of America

The Table 5.44 presents the results as overall balanced.

Table 5.45: Neural network time results for the United States of America
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The Table 5.45 shows better results when trained with the sector parameters.
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Chapter 6

Case Study Result Analysis

By analysing the results of the case study, I can conclude that:

• The ARIMA model depends heavily on the context of the data, since the results have
shown that its best performance is balanced between all types of training.

• The Random Forest model is best suited when it’s trained with individual parameters
for each stock presented, as proven by all the best results being the case.

• The Neural Network had the most varied distribution between the training types. This
can mean that the model is unreliable or that it adapts to the situation accordingly.

After analysing the mean of all results, the following Table 6.1 was created, demonstrating
its best values shown in green

Taking these factors into account we can conclude that neural networks had more accuracy
against all other methods, and it will be used in the implementation of this project.

Table 6.1: Best error results for each prediction method

Full results in Appendix C
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Chapter 7

Implementation

In this chapter, it’s displayed the implementation of the web application and the machine
learning model.

7.1 Web Application

7.1.1 Development

The web application was developed using the programming language PHP, using Visual
Studio Code as its development tool.

7.1.2 Web Pages

7.1.2.1 Login Page

The first page of the website a user can encounter, a registered user has to input its
credentials to access the website, Figure 7.1.

Figure 7.1: Login page
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7.1.2.2 Register Page

The page responsible for allowing new users to register into the website, Figure 7.2.

Figure 7.2: Register page

7.1.2.3 Portfolio Page

A page depicting the overview of a investor’s portfolio, a user can manage their portfolio in
this page, Figure 7.3.
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Figure 7.3: Portfolio page

7.1.2.4 Market List Page

A list of all available stock markets a user can add to his portfolio, Figure 7.4.

Figure 7.4: Market list page



80 Chapter 7. Implementation

7.2 Machine Learning

The machine learning part of the project was created using Python as its programming
language and Jupyter as its development tool.

The prediction model chosen to train the stock market data models was neural networks, as
by according to the case study results presented previously, was the best contender between
the tested prediction models.

To train models using neural networks, the script fetches the data from yahoo! finance using
its API, then prepares the dataset for training, and uses the Tensorflow library to create the
model, train and predict values.
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Chapter 8

Conclusion

The world of stock markets is a vast one, spanning many years of economic fluctuation,
we witnessed very successful stories and hoped to get a fraction, so we pursued the idea of
becoming an investor, but that is not a easy task in the slightest. The normal attitude is to
learn about the necessary terms and situations, but due to the intensive influx of information,
one starts to give up on the idea. That’s where these projects come in, people trying to
figure out a way to automate the process of investing and help those who don’t have the
time to dedicate.

With this thesis I concluded that although there are a lot of approaches to predict market
values, such task is not easy since we can get close to the real values but not precise enough
to make an impact because the amount of conditions and situations that can impact the
future of a stock market are beyond unpredictable that number analysis is not able to make
up for it.
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Appendix A

Canvas



Gain Creators

Pain Relievers Pains

Gains

Products
& Services

Customer
Job(s)

Value Proposition Customer Segment

c��y��g��:  Strategyzer AG
The makers of Business Model Generation and Strategyzer

The Value Proposition Canvas

strategyzer.com

Tool for 
investors to be 
able to make a 
better decision on 
the stock market

Turn investment into more profit

Ability to track certain stock markets

Low bar of entry in the
 stock market business

Reliable decisions on the stock market

Investing in stock 
markets

Using spare income

Data available about 
stock markets

Convenient platform to 
provides a way to invest

Not enough knowledge about
 stock markets

Too much unfiltered information
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Appendix B

QFD



Quality Function Deployment

Title:
Stock Market Tendency 

Prediction Methods

Correlation: + . -
Date: 05/03/2021 Positive No correlation Negative

Relationships: 9 3 1

Strong Moderate Weak

Desired direction of improvement (↑,0,↓)

1: low, 5: high

Functional 

Requirements(How)

→

Customer 

importance rating

Customer Requirements 

(What)

↓

Weighted Score
Satisfaction 

rating

Yahoo! 

Finance

Google 

Finance

1 1 Accessible graphic user interface 9 0 0 0 0 9 9 3

2
4

Get a large variery of stock 

markets
0 0 9 0 9 72 9 9

3
5

Consistent and reliable 

prediction data
0 9 3 9 0 105 1 1

4

2
Able to add a subset of stock 

markets to his portfolio
3 0 9 0 9 42 9 9

5

3
Assortement of options to 

choose from when predicting
3 0 0 3 1 21 0 0

6
0

7 0

8 0

9 0

Technical importance score 24 45 69 54 57 249

Importance % 10% 18% 28% 22% 23% 100%

Priorities rank 5 4 1 3 2

Current performance

Target

Able to 

customize 

almost 

everything on 

the page

Website 99% 

online and 

available

Create 

automatic 

connections 

between stock 

markets

95% of accuracy 

over real data

Contain mostly 

available 

market places

Benchmark

Difficulty 4 3 5 5 3 1: very easy, 5: very difficult

Cost and time 4 3 5 5 2 1: low, 5: high

Priority to improve 10 15 10 20 5

Comments/Conclusion:

Competitive evaluation  (1: low, 5: high)
Extensive list 

of available 

stock markets

Customizable 

Interface

Reliable 

website 

hosting

Stock market 

recommendat

ions

Accurate 

prediction 

algorithms

+ .. +

. . . .
.

.
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Appendix C

Full Error Results

C.1 Energy

C.1.1 ARIMA
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C.1.2 Random Forest
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C.1.3 Neural Network
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C.2 Healthcare

C.2.1 ARIMA
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C.2.2 Random Forest
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C.2.3 Neural Network



98 Appendix C. Full Error Results

C.3 Technology

C.3.1 ARIMA
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C.3.2 Random Forest
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C.3.3 Neural Network
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C.4 Australia

C.4.1 ARIMA

C.4.2 Random Forest
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C.4.3 Neural Network

C.5 Germany

C.5.1 ARIMA
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C.5.2 Random Forest

C.5.3 Neural Network
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C.6 United States of America

C.6.1 ARIMA

C.6.2 Random Forest
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C.6.3 Neural Network


