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Abstract

As machine learning has developed, the attention of stock price forecasters has slowly

shifted from traditional statistical forecasting techniques towards machine learning tech-

niques. This study investigated whether machine learning techniques, in particular, re-

current neural networks, do indeed provide greater forecasting accuracy than traditional

statistical techniques on the Johannesburg Securities’ Exchanges’ top forty stocks.

The Johannesburg Securities Exchange represents the largest and most developed stock

exchange in Africa, though limited research has been performed on the application of

machine learning in forecasting stock prices on this exchange. Simple recurrent neural

networks, Gated Recurrent Units and Long-Short Term Memory Units were thoroughly

evaluated with a Convolutional Neural Network and a random forest were used as ma-

chine learning benchmarks.

Historical data was collected for the period 2 January 2019 to 29 May 2020, with the 2019

calendar year being used as the training dataset. Both a train once and a Walkforward

configuration were used. The number of input observations utilised were varied from

four to fifteen observations whilst making forecasts from one up to ten timesteps into

the future. The Mean Percentage Error was utilised to measure forecasting accuracy.

Different configurations of the Neural Network models were assessed, including consid-

ering whether bidirectionality improved forecasting accuracy. The neural networks were

run using two different datasets, the historical stock prices on its own and the historical

stock prices with the market index (the JSE All Share Index) to determine whether

including the market index improves forecasting accuracy.

The study found that bidirectional neural networks provided more accurate forecasts

than neural networks that did not incorporate bidirectionality. In particular, the Bidi-

rectional Long Short-Term Memory provided the greatest forecasting accuracy for one

step forecast whilst the Bidirectional GRU was more accurate two to eight time steps

into the future with the Bidirectional LSTM model being more accurate for nine and ten

time steps into the future. However, the classical statistical model, the theta method,

significantly outperformed all machine learning models. This is likely the result of the

unforeseen impact of the covid-19 pandemic on financial markets that would not have

been factored into the training sets of the machine learning algorithms. . . .
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Chapter 1

Introduction

Many share traders attempt to profit from share price fluctuations by attempting to

accurately forecast movements in the prices of stock-exchange listed shares [4]. To do

this, many forecasting techniques have been developed, having their roots in a range

of different disciplines including mathematics, statistics and economic theory, with each

technique situated at a different point on a spectrum between science and art. More

recently, research applying machine learning to share price forecasting has been growing

in popularity internationally, as researchers attempt to improve forecasting accuracy

over a longer period of time to improve profitability of investments made. This has

proven particularly challenging given the intrinsically noisy nature of stock prices, their

complexity and their volatility. Machine learning techniques have been able to capture

these nuances in stock price movements to a better extent when compared to traditional

forecasting methods [3].

1.1 Research statement and objectives

Machine learning algorithms would be able to more accurately forecast future stock

prices over extended forecast periods due to their ability to capture the underlying nu-

ances present in stock prices and the broader economic market. The aim of this research

was to compare the forecasting accuracy of machine learning architectures, with specific

emphasis on recurrent neural networks, to that of classical statistical techniques in fore-

casting JSE-listed stock prices. The research also analysed the forecasting accuracy of

machine learning algorithms for up to ten time steps in the future. By performing this

analysis, insight was obtained on the efficiency of the Johannesburg Securities Exchange

in terms of the Efficient Market Hypothesis.

1



Introduction 2

1.2 Methodology

Survey papers evaluating the forecasting accuracy of both machine learning and tradi-

tional statistical methods for timeseries data was consulted as a starting point. From the

research performed, statistical and machine learning models were selected to be included

in further research. Recurrent Neural Networks were identified as an area within ma-

chine learning that displayed a great deal of potential to forecast stock prices. Further

research was then done to evaluate existing research on Recurrent Neural Networks in

forecasting share prices across time periods.

Based on the research performed, machine learning models were built to evaluate the

forecasting accuracy of the Recurrent Neural Network architectures whilst ultimately

attempting to build a configuration with the greatest degree of forecasting accuracy. The

number of inputs used as historical observations into the models were varied to evaluate

how this impacted upon forecasting accuracy over a forecasting window covering ten

days. Both the historical share prices on its own and coupled with the market index

were added to the models to evaluate whether adding the market index improved the

forecasting accuracy. The data utilised was obtained from the Refinitiv Eikon platform,

exported into CSV files and mounted to the Google Collaboratory virtual machine in

which the models were built. The forecasts produced by the models were compared to

the actual observations at the forecast time period, with the Mean Percentage Error

between the two calculated. The accuracy of the built models were evaluated based on

these Mean Percentage Errors. This was selected given the range of share prices (from

below one rand up to over one thousand rand) and would thus allow for comparability

between forecasts of prices for different shares. The forecasting accuracy of the machine

learning models were also compared to the forecasting accuracy of traditional statistical

forecasting methods.

1.3 Thesis Structure

Foundational background information on stock markets and machine learning is pre-

sented in Chapter 2, a review of existing literature is presented in Chapter 3, infor-

mation on data pre-processing and the methodology utilised in presented in Chapter

4, experiments using statistical models are presented in Chapter 5, experiments using

machine learning models are presented in Chapter 6. Finally, overall observations and

conclusions are presented in Chapter 7.



Chapter 2

Background

This chapter contains a summary of background literature relevant to the research study

performed. It begins with a description of the stock market and stocks, the different

investment strategies employed by investors. It then presents a short discussion on

the concept of market efficiency. Time series forecasting using both classical statistical

methods and machine learning is then introduced and discussed. It then focuses on

recurrent neural networks, its components and its variants.

2.1 The Stock Market

A stock market is a public market where company stocks and derivatives are traded at

agreed upon prices. Investors are brought together at stock markets with the intention of

trading these financial instruments at prices that are influenced by supply and demand.

Stocks that are in great demand relative to its supply will see its price increase, whereas

stocks that have a supply that exceeds its demand would see its price decrease [5]. The

stock market is known for its complexity and volatility. People are always searching for

accurate and effective ways to guide stock trading [6].

A share, or a stock, is a document issued by a company entitling the stock’s holder to

a defined proportion of an ownership interest in that company. Stocks are generally

divided into two broad categories. Common stocks, representing the majority of stocks

issued, represents an ownership interest in a company entitling its holders to an un-

guaranteed dividend, i.e., a fluctuating portion of the entity’s profits, when the board of

the entity declares that such a distribution be made. Common stocks also entitle their

holders to voting rights that can be exercised to influence the entity’s long-term decision

making, most notably evident in their ability to elect members of the entity’s board

3



Background 4

of directors [5]. As the returns earned by common stockholders are directly impacted

by the performance of the underlying entity as well as other market indicators, their

trading prices are highly volatile.

In contrast, preferred stocks represent a degree of ownership in a company, but without

any voting rights. Instead, preferred stockholders are entitled to a guaranteed fixed

rate of dividend, before a dividend is declared for common stockholders [5]. Given that

returns earned by preferred stockholders are generally fixed, calculating a price for these

stocks are relatively easier and simpler exercise.

Table 2.1: Share price terminology

Opening Price The price a stock trades at, at the start of the business day

Closing Price The price that a stock trades at, at the end of a business day

High Price The highest price at which a stock trades at during the business
day

Trading Volume The quantity of individual stocks traded for a specific financial
instrument during the business day

2.1.1 Investment Strategies

Investors generate a return on the stock market by investing in stocks with the inten-

tion of earning dividends, capital appreciation, or a combination of the two. Investors

trading with the intention of capital appreciation normally take one of two widely used

approaches to investing, fundamental analysis or technical analysis. Fundamental anal-

ysis refers to an approach whereby the prospective investment’s earnings and dividends

potential, interest rate expectations and risk factors are considered to determine whether

the investment’s share price is expected to increase in the future. In contrast, techni-

cal analysis refers to the search for recurrent and predictable patterns in stock prices.

Traders adopting a technical trading strategy do not believe information other than the

share price is necessary for forecasting share prices because if share prices respond slowly

enough, the analyst will be able to identify a trend that can be exploited profitably before

the price fully reflects that external information [7].

2.1.2 Market Efficiency

One of the main areas of research conducted on financial markets relates to market

efficiency. The Efficient Market Hypothesis states that prices of securities fully reflect

all available information and that any new information would rapidly be assimilated by

the market and reflected in the share prices. Closely linked to this is the concept that

stock prices follow a random walk, i.e., stock prices are independent of each other and
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that past stock price changes should not affect future stock price changes [8]. There are

three versions of the efficient market hypothesis. The weak-form hypothesis holds that

stock prices already reflect all available information that can be obtained by analysing

market trading data such as historical prices and trading volumes. In this situation,

technical analysis would be fruitless, as the share price would immediately reflect the

latest available information [9]. As a result, stock prices follow a random walk, making

it impossible to predict a future price based on a series of past prices [10]. However, no

financial market appears to be fully weak form efficient as investors have still been able

to adapt investment strategies, like technical analysis, which should not be profitable if

this theory holds, to continue to earn returns from share trading. Testing to determine

whether weak-form efficiency is present on a stock exchange include serial correlation

tests, which determine whether prices follow a trend, and mechanical investment strate-

gies, which determine whether historically identified price patterns are evident in share

price movements [11]. Hansson [12] investigated weak form efficiency on the American,

Brazilian and Swedish stock markets using both traditional time series modelling as well

as recurrent neural networks. They found that the American and Brazilian stock mar-

kets showed greater evidence for the presence of weak form efficiency whilst the Swedish

market did not.

The semi-strong form hypothesis holds that stock prices would have already incorpo-

rated all publicly available information related to the stock. This includes price and

trading data as well as information unique to the company represented by the stock,

such as management competency and performance forecasts [8]. If this form of effi-

ciency is present on a stock exchange, it would not be possible to profitability conduct

an investment strategy dependent on fundamental analysis as all information needed for

such a strategy would already have been incorporated into the prevailing stock price.

Many investors do not accept that stock markets are efficient. As a result, they engage

in fundamental analysis with the intent of finding further information that they could

profitably exploit. Ironically, doing so increases market efficiency. The presence of semi-

strong form efficiency in a stock market is determined through examining historical price

changes as a result of stock-relevant information becoming available [11].

Finally, strong-form efficiency holds that stock prices would reflect all information al-

ready incorporated by the other two efficiency forms, as well as insider information only

known by those close to the entity [8]. As a result, it would be impossible to profitably

conduct share trading activities as all private and publicly available information has

already been priced into the stock. Tests have been conducted to determine whether

individuals with more access to information than the general market have been able

to earn returns higher than the general market. However, company insiders are legally

prohibited from trading based on non-public information. Further, professional fund
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managers who likely have ‘inside sources’ at companies that could provide them with

information not widely known tend to under-perform compared to returns earned by

simply tracking a market index [11].

2.1.3 The Johannesburg Securities Exchange

The Johannesburg Securities Exchange is the largest stock exchange in South Africa.

The Exchange’s platform allows companies to issue shares and raise primary capital to

fund business operations. This is referred to as the primary market. Additionally, the

Exchange ensures that there is a secondary market for share trading so that investors

may buy and sell shares. The Exchange also monitors the performance of companies as

measured by movements in its share prices. The Exchange runs the Share Transactions

Totally Electronic platform, which allows shares to be traded and settled electronically.

Common stocks are the most popularly traded financial instruments on the Johannes-

burg Securities Exchange [11].

Extensive research has been conducted on market efficiency on the Johannesburg Secu-

rities Exchange. Noakes and Rajaratnam ([8]) have found and analysed multiple studies

providing evidence for an against the Efficient Market Hypothesis on the Johannesburg

Securities Exchange over an extended period of time. The results of their own studies

were mixed, though they did find that stocks with mid to larger market capitalisations

appear to be more efficient (i.e., their share prices appeared to follow a more random

walk).

2.2 Classical Statistical Forecasting Techniques

The main driver of the analysis performed was the daily closing prices of JSE-listed

stocks. This is an example of time series data as it changes over time. Time series data

is expected to display certain characteristics. This includes, firstly, a trend, which refers

to the general direction in which the data is moving, secondly, seasonality, which refers to

patterns repeating themselves at regular and predictable intervals, thirdly, white noise,

which is random values with seemingly little predictive value and, fourthly, autocorre-

lation, which refers to a very deterministic type of movement [13]. A stationary time

series is one whose statistical properties such as the mean, variance and autocorrelation

are all constant over time [13]. Given the nature of the external factors influencing stock

price movements, stationarity cannot be assumed for share prices for an extended period

of time.
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2.2.1 Moving Averages

A popular technique used by technical analysts to forecast share prices is the use of

moving averages. The Simple Moving Average Technique analyses a time series by

averaging different subsets of the full data set. These subsets are equally weighted.

The Exponential Moving Average Technique modifies this by giving the subsets an

exponential weighting, where the most recent data points of the time series have a

greater weight [14].

Bolton [14] found that the Simple Moving Average outperformed the Exponential Mov-

ing Average at their starting point of fourteen observable days. As the number of

observable days increased, Bolton [14] found that the Exponential Moving Averages

started outperforming the accuracy of the Simple Moving Averages during the period

1 March 2009 to 8 April 2014, for JSE-listed stocks. A disadvantage of using a moving

average model is that it does not anticipate trends or seasonality in the data. This can

be addressed by using differencing, whereby the movement from one time period to the

next is analysed instead of the actual value of the data points [13].

2.2.2 ARIMA

The Autoregressive Integrated Moving Average Model (commonly referred to as ‘ARIMA’)

is a statistical model used for analysing and forecasting time series data in a manner

that models the next step in a sequence as a linear function of the observations and

residual errors at prior time steps [15]. Brownlee [15] further notes that the ARIMA

model has the following parameters:

• The lag order (denoted as ‘p’): This denotes the number of lag observations (i.e.

observations prior to the current observation) included in the ARIMA model.

• Degree of differencing (denoted by ‘d’): This denotes the number of times raw

observations are differenced.

• Order of moving average (denoted by ‘q’): This denotes the size of the moving

average window.

2.2.3 Holt-Winter’s Exponential Smoothing

The Holt Winter’s Exponential Smoothing method models the next time step as an

exponentially weighted linear function of observations at prior time steps, using expo-

nentially decreasing weights for older input observations, taking trends and seasonality
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into account [16]. This is particularly valuable for share data where trends are visi-

ble. The model has the following hyper-parameters. If these hyper-parameters are not

specified, the model would automatically tune them to their optimal values:

• Smoothing Level (Denoted as ‘alpha’): Smoothing coefficient for the level.

• Smoothing slope (Denoted as ‘beta’): Smoothing coefficient for the trend.

• Smoothing Seasonal (Denoted as ‘gamma’): Smoothing coefficient for the seasonal

component.

• Damping slope (phi): Coefficient for the damped trend. Dampening refers to

reducing the size of the observed trend over future timesteps.

2.2.4 Theta Method

The Theta Method is a univariate forecasting method that builds upon simple expo-

nential smoothing with drift. It is based on modifying the local curvature of time series

data through a coefficient, ’theta’ [17]. It works by identifying the individual compo-

nents of the data, i.e., the trend cycle, seasonality and irregular component. These are

then projected separately into the future, and then recombined to form a forecast of the

underlying time series [18]. The theta method is of interest to time series forecasters

due to its simplicity and high accuracy in forecasting [17].

The theta method works by, firstly, deseasonalising the data, if a statistically significant

seasonal component is detected. The data is then decomposed into two Theta lines,

Z(0) and Z(2). Z(0) is then extrapolated as a normal linear regression line whilst Z(2)

is extrapolated using simple exponential smoothing. A forecast is then generated from

the extrapolated Z(0) and Z(2) linesby the combination of their weights. Finally, the

forecast is reasonalised if the original data was identified as having a seasonal component

[19].

2.2.5 Baseline Models

A baseline model is a model used as a reference point for comparing how well another

model (typically, a more complex one) is performing. For example, a logistic regression

model might serve as a good baseline for a deep model. For a particular problem, the

baseline helps model developers quantify the minimal expected performance that a new

model must achieve for the new model to be useful. For the purposes of this study,

classical statistical forecasting models were used as the baseline models.
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2.3 Machine Learning

Mohri [20] defined machine learning broadly as computational methods using experience

to improve performance or to make accurate predictions. It consists of designing efficient

and accurate prediction algorithms. Machine learning has been studied and applied to

solve various problems and perform various tasks. These include classification, whereby

it is used to assign categories to items, regression, whereby a real value is predicted for

each item, ranking, whereby items are ordered according to some criterion, clustering,

whereby items are partitioned into homogeneous subsets, and dimensionality reduction,

whereby an initial representation of items is transformed into a lower-dimension repre-

sentation while preserving some properties of the initial representation [20].

These tasks are performed using different machine learning scenarios. Supervised learn-

ing, the most common scenario, refers to when the learner receives a set of labelled

examples as training data and makes predictions for all unseen points. This is used for

classification, regression and ranking problems. Unsupervised learning refers to when

the learner only receives unlabelled training data and makes predictions for all unseen

points. This is used for clustering and dimensionality reduction [21]. Semi-supervised

learning refers to when a learner receives a sample of both labelled and unlabelled data

and makes predictions for all unseen points. Reinforcement learning refers to when the

training and testing phases are intermixed. The learner would actively interact with

its environment, in some cases affecting its environment and immediately receiving a

reward for each action [20].

2.3.1 Machine Learning in Finance

Mathur [4] has found that Machine Learning has been used to enhance a vast range of

functions in both the consumer finance and capital market sub-sectors of the broader

financial sector. Regarding its application specifically to stock market investments,

Mathur noted that machine learning algorithms are used to complement the activities

of quantitative analysts as market trades would have to be made at increasing speeds

to maximise their profitability. However, the machine learning methods used tend to

be basic. Other examples of the application of machine learning in finance include

forecasting of financial results of individual companies and economic indicators of the

overall financial markets.
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2.3.2 Neural Networks

Neural networks consist of basic units comparable in certain respects to neurons. These

units are linked to each other by connections whose strength is modifiable as a result

of a learning process or algorithm. The units independently integrate the information

received from its synapses in order to evaluate its state of activation [22]. Neural net-

works are made up of different layers. These layers are independent of one another and

each layer can have an arbitrary amount of nodes. Deep learning, which is aspect of

artificial intelligence, in the context of neural networks, refers to neural networks with

complex multi-layers. Deep learning neural networks have more complex ways of con-

necting layers than standard neural networks and also have more neurons to express

complex models [23].

Qiu, Wang and Zhou [6] note that the neural network in deep learning has become a

popular predictor due to its good nonlinear approximation ability and adaptive self-

learning. Utilising Neural networks for time series forecasting instead of traditional

statistical methods provides various advantages. Neural Networks are robust to noise

in their input data. This is particularly valuable for stocks listed on the Johannesburg

Securities Exchange, which is known to be a market with a large degree of volatility in

share prices. Additionally, neural networks do not make strong assumptions about the

mapping functions, easily learning both linear and nonlinear relationships present in the

input data [16].

2.3.3 Components of Neural Networks

There are various parts that are used to construct a machine learning model. These are

defined and discussed below. This discussion was used to define how these parts would

be defined within the machine learning models utilised within this study

Hyper-parameters

Hyper-parameters specifically refer to the parameters regulating the design of the model

[1]. The main hyper-parameters used in neural networks are noted below:

Table 2.2: Hyper-parameters

Learning Rate Controls how much we are adjusting the weights of our neural
network with respect to the loss gradient.

Epoch The number of times the entire data set is passed forward and
backward through a neural network.

Batch Size The total number of training examples present in a single batch

Optimisation
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Optimisation refers to the process followed by a neural network algorithm to determine

the best configuration of the network. The preferred manner to optimise neural networks

is gradient descent [24]. Gradient Descent is an iterative optimisation algorithm used

to find the best results of the model, i.e., the minima of a curve [25]. Variables within

a model are updated iteratively and with each update the gradient descent method

gradually converges upon the optimal value of the objective function.

The Adaptive Moment Estimation (referred to simply as ‘Adam’) gradient descent algo-

rithm computes the adaptive learning rate for each parameter. It stores an exponentially

decaying average of past squared gradients and an exponentially decaying average of

past gradients [24]. Benefits of using the Adam optimisation algorithm include that it is

straightforward to implement, computationally efficient, has low memory requirements,

it is suitable for large volumes of data and is appropriate for problems with noisy or

sparse gradients [26].

Activation functions

Activation functions are used to determine the output of a node within a neural network

[25].

Figure 2.1: A visualisation of the most common activation functions [1]

Aggarwal [1] notes that the choice of activation function to use is dependent on the

target variable to be predicted. If the target variable is real, then an identity activation

function should be used. And the resulting algorithm would be the same as a least-

squares regression. If the target variable is a probability of a binary class, then a

sigmoidal function would be appropriate so that the output would then be a prediction.

Some of the more widely used activation functions are noted in Table 2.3.
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Table 2.3: Activation Functions

Sign function ϕ (v) = sign (v) The sign activation function is used
to map predictions of binary out-
puts.

Sigmoid function ϕ (v) = 1
(1+e−v)

The sigmoid function outputs a
value in the range (0, 1), which is
useful for probabilities.

tanh ϕ (v) = e2v−1
e2v+1

The tanh function maps output
over the range (-1,1). This is help-
ful when outputs are desired to be
both positive and negative. It is
also easier to train.

Rectified Linear
Unit (ReLU)

ϕ (v) = max {v, 0} Quite popular for its ease in train-
ing multi layered neural networks.
All negative values become zero. It
is less likely to create a vanishing
gradient problem.

One of the problems that may arise when a neural network is determining its weights

to use is that of the vanishing and exploding gradients. Vanishing gradient refers to a

situation where updates in earlier layers are negligibly small whereas exploding gradient

refers to a situation whereby updates to earlier layers are increasingly large [1]. Vanish-

ing gradients are often experienced with sigmoid activation functions whereas a ReLU

activation function is less likely to create a vanishing gradient problem.

As the input values and the output values of the machine learning models to be built

for this study are positive values noted in South African Rands and due to its ability to

address possible issues related to vanishing gradients, the ReLU activation function was

used.

Loss function utilised for model training

A loss function is used to evaluate candidate solutions generated by the machine learning

model developed. The loss function used is directly related to the activation function

used in the output layer of the neural network and has to be selected in a manner that

is mindful of the application it is being used for. Some of the more widely used loss

functions are noted in Table 2.4.

As forecasts are to be evaluated within this research, the Mean Squared Regression Loss

Function was utilised for training the models in the the experiments performed.

Backpropagation is used to compute the gradient of the loss function selected for model

training. The backpropagation process consists of two phases. Firstly, the forward phase

is required to compute output values and local derivatives at different nodes. This is
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Table 2.4: Loss Functions

Mean Square Er-
ror

L = (y − ŷ)2 Calculated as the average of the
squared differences between the
predicted and actual values. This
is widely used in regression scenar-
ios.

Hinge loss L = max {0, 1− y · ŷ} for
y ∈ {−1;+1}

Can be used to implement a learn-
ing method (a support vector ma-
chine)

Binary targets
(probabilistic
predictions)

L = log (1 + exp(−y · ŷ)) Assumes that observed value y is
drawn from {−1;+1} and predic-
tion ŷ is an arbitrary numeric value
on using the identity activation
function. Can also be used on Sig-
moid function. Then loss is pro-
vided as the negative logarithm of
|y2 − 0.5 + ŷ|

Categorical tar-
gets

L = −log ( ŷr) ŷ1...ŷk are the probabilities of the k
classes

done by taking inputs for a training instance and feeding this forward into the neural

network. This then results in a series of computations across the layers based on the

weights that are current in the system at that time. The predicted value that is output

can then be compared to the output of the training instance. Next, the backward

phase is required to accumulate the products of local values over all paths from the

node to the output. The main purpose of the backward phase is to learn the gradient

of the loss function in model training with respect to the different weights by using

the chain rule of differential calculus. These gradients are then used to update the

weights. These gradients are learned in the backwards direction from the output node

[1]. Backpropagation is managed internally by TensorFlow.

Overfitting refers to a situation where a model has been trained well with one dataset but

does not guarantee it will provide good prediction performance on an unseen dataset,

even if the model perfectly predicts the outputs in the training dataset. When the

model has been under fit, i.e., it has been trained with very few data points, it would

not generalise well with unseen data points and would not be able to forecast accu-

rately. Generalisation is improved through adding more data points to the test set. [1].

Therefore, the perfect balance between overfitting and under fitting should be found.

Aggarwal [1] notes that a good rule of thumb to use when deciding the size of the train-

ing set is that the total number of training data points should be at least two to three

times larger than the number of parameters in the neural network. One of the main

causes of overfitting is the use of a large number of parameters. Regularisation refers

to constraining the model to use fewer nonzero parameters [1]. Consideration related



Background 14

to this has been incorporated into the development of the neural network models in

Chapter 4.

Based on the above discussion, the following was used within the machine learning

models developed. Firstly, the Adaptive Moment Estimation optimiser was utilised.

The Rectified Linear Unit activation function and the Mean Squared Regression loss

function was used for model training.

Loss function utilised for performance evaluation

There are different measurements that can be applied in measuring the accuracy of

machine learning in forecasting time series data. Measuring performance consists of

comparing the predicted models from the forecasting tool used to the actual value being

forecast. Botchkarev [27] performed a study in which they set out to develop a typology

to be used for facilitating the use of performance metrics in machine learning. The

framework developed grouped performance metrics into three groups: primary metrics,

extended metrics and composite metrics. Primary metrics, specifically, are noted as

being structured into three steps. These steps are calculating point distance, performing

normalization and aggregating point results over a data set. Primary metrics are then

used as the basis upon which metrics in the other two categories are constructed. The

most common primary metrics are the Mean Absolute Error (denoted ‘MAE’), Mean

Square Error (denoted ‘MSE’) and the symmetrical Mean Absolute Percentage Error

(denoted ‘sMAPE’).

The Mean Absolute Error is defined as the sum of the absolute value of the differences

between all the expected values and predicted values, divided by the total number of

predictions. The Mean Squared Error represents the average of the squared errors.

The main difference between the Mean Absolute Error and the Mean Squared Error is

the contribution of individual error values to the final result. In the Mean Absolute

Error model, errors’ contributions to the final error are linear, whereas for in the Mean

Squared Error model the contributions are squared, meaning larger errors are penalised

to a greater degree than smaller errors [28].

The Mean Absolute Percentage Error measures the absolute error as a percentage of the

expected value. The symmetrical Mean Absolute Percentage Error is a modification of

the Mean Absolute Percentage Error model that accounts for the asymmetrical nature

of the Mean Absolute Percentage Error whereby the Mean Absolute Percentage Error

model places a heavier penalty on negative errors as compared to positive errors [29].

This is represented as follows:

sMAPE = mean

(
2|yt − ŷ|
|yt|+ |ŷ|

)
(2.1)
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For the purposes of this study, the Mean Absolute Percentage Error was used to analyse

performance in individual share price forecasts over different time horizons. This would

enable comparison between shares with large prices and shares with small prices to be

done as shares with larger prices would be expected to have much larger Mean Squared

Errors than shares with small prices.

2.3.4 Types of Neural Networks

Multi-layer Perceptron

Figure 2.2: A schematic diagram of a Multi-Layer Perceptron (MLP) neural network
[2]

The multi-layer perceptron is a simpler neural network that approximates a mapping

function from input variables to output variables. It is valuable for sequence prediction

problems as it is robust to noise and is capable of learning both linear and nonlinear

relationships. It also addresses the limitations of classical linear models, like the ARIMA

model, through its ability to have multivariate inputs and multi-step outputs [30]. Figure

2.2 exhibits the architecture of a simple multi-layer perceptron. This neural network

consists of three layers: an input layer, a hidden layer and an output layer. Each layer

consists of a number of neurons, which are successively connected by vectors X, W, W2

and Y. The input data is received into the network in the input layer. These are then

passed through to the hidden layer’s neurons via hidden weight connections. The hidden

layer then performs computations, the results of which are passed to the output layer.
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Recurrent Neural Networks

Recurrent Neural Networks are neural networks which operate over sequential data.

They take sequences of vectors as their inputs and extract another sequence as output,

which represents forecasts of information at potentially multiple time steps [31]. They

allow input xt to interact directly with the hidden state created from the inputs at pre-

vious time stamps. This hidden state changes at each time step as new data arrives.

There is an implicit assumption that the time series exhibits a certain level of station-

arity, i.e., the underlying properties do not change with time. What differentiates a

recurrent neural network from other neural networks is the presence of a self-loop which

will cause the hidden state of the neural network to change after the input of each xt

[1].

These networks add the explicit handling of order between time series observation. One

of the main recurrent layers within the neural network architecture is the Long Short-

Term Memory (LSTM) layer.

Brownlee [26] noted that LSTMs offer native support for sequences. A CNN reads across

the entire input vector at once whilst in contrast the LSTM model reads one time step

at a time and builds up an internal state that would be used as a learned context for

forecasting.

Long Short-Term Memory (LSTM)

The Long Short-Term Memory unit was first proposed by Hochreiter and Schmidhuber

[32]. It was originally developed to extend the Recurrent Neural Network’s memory

state to enable it to deal with longer input sequences [33]. One of the main drawbacks

of standard Recurrent Neural Networks is that they tend to be difficult to train over a

longer term because gradients either vanish or explode. This is addressed through the

utilisation of the Long Short-Term Memory unit [31]. Long Short-Term Memory avoids

these issues due to its unique storage unit structure and it is suitable for processing and

predicting financial time series data [6]. A Long Short-Term Memory layer consists of

a set of recurrently connected blocks, each of which consists of one or more recurrently

connected memory cells. Each memory cell contains an input gate, which decides which

values from the input are used to update the memory state, an output gate, which

decides what to output based on input and the memory of the cell, and a forget gate,

which decides which information to discard from the cell [15]. Advantages of a Long

Short-Term Memory unit includes that it generalises well, can handle noise in the dataset

and that there appears to be no need for parameter fine tuning as it works well over

a broad range of parameters such as the learning rate input gate bias and output gate

bias [32].
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Gated Recurrent Unit

The Gated Recurrent Unit was first proposed by Cho et al. [34]. It can be seen as

a simplification of the Long Short-Term Memory Unit in that it does not use explicit

cell states. Additionally, in contrast to the Long Short-Term Memory which directly

controls the number of information changed in the hidden state using separate forget

and output gates, the Gated Recurrent Unit uses a single reset gate to achieve this

(Aggarwal, 2018:313). A Gated Recurrent Unit contains only an update and reset gate.

Gated Recurrent Units provide results comparable to that of Long Short-Term Memory

units, but use fewer parameters, making it faster to train [35].

Bidirectional Recurrent Neural Networks

A modification to standard recurrent neural networks is bidirectional recurrent neu-

ral networks. A bidirectional recurrent neural network learns the input sequence both

forwards and backwards [16]. Bidirectional Recurrent Neural Networks were initially

proposed by Schuster and Paliwal [36] who displayed that training regression and clas-

sification data in both a positive and negative direction provided greater accuracy than

just in the positive direction. It works by splitting the state neurons of a regular Re-

current Neural Network in a part that is responsible for positive time direction, forward

states, and a part for negative time direction, negative states. The outputs from each

state are not connected to each other. As such, Bidirectional Recurrent Neural Networks

can be trained using the same algorithms as regular, unidirectional Recurrent Neural

Networks.

Convolutional Neural Networks

Convolutional neural networks were designed to efficiently handle image data. They

work by extracting features from raw data (in the case of image data, pixel values) that

are directly useful in their application cases. This ability has since been applied to time

series forecasting as well.

Convolutional Neural Network with Long Short-Term Memory (CNN-LSTM)

The CNN-LSTM architecture is the first of two hybrid architectures that incorporates

aspects of both the CNN and RNN architectures. The Convolutional Neural Network

layers are used for feature extraction whilst the Long Short-Term Memory layers are

used for forecasting. The CNN is used to interpret sequences of input, which in turn

is provided as a sequence to the LSTM to interpret. This is appropriate for forecasting

share data as the CNN layer would thus detect underlying patterns that may exist in

the data whilst the Long Short-Term Memory layer would then take the output from

the CNN layer to make a forecast [37].
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ConvLSTM

In contrast to the standard CNN-LSTM, the ConvLSTM neural network performs the

convolution operation directly in the LSTM network, i.e. the LSTM unit reads input

data using the convolutional process of a CNN. Not only does the ConvLSTM take the

merits of a CNN network to mine the spatial features, but it captures the temporal

features simultaneously [38]. The CNN-LSTM neural network, on the other hand, first

completes feature extraction on the CNN layer prior to the LSTM interpreting the

output of the CNN layer.

2.4 Summary

This chapter has evaluated background literature on forecasting stock prices. It did

so by firstly considering the financial aspect of stocks, presenting what stocks are, how

financial markets work, and the investment strategies utilised by investment managers. It

then presented different traditional statistical forecasting methods and how they worked.

Thereafter, it introduced theory related to machine learning, its components and how it

works with specific emphasis on neural networks. Finally, it focused on specific neural

network architectures. The application of these architectures to share price forecasting

is further evaluated in the following chapter.



Chapter 3

Literature Review

This chapter contains an evaluation of related work pertaining to the use of machine

learning in finance, with specific application in forecasting share prices. An evaluation of

research on architecture analysis is performed. An evaluation of whether machine learn-

ing models have historically outperformed classical statistical forecasting techniques is

presented, along with research done on the forecasting accuracy of machine learning

overall. Thereafter, an evaluation of existing research performed focussing on recurrent

neural networks to forecast share prices is presented, with specific emphasis on work

performed over different time horizons. Research on the performance of neural networks

incorporating bidirectionality is then assessed to determine whether incorporating bidi-

rectionality improves forecasting accuracy. Finally, a brief analysis of the research per-

formed on the application of machine learning on the Johannesburg Securities Exchange

is presented.

3.1 Architecture Analysis

The purpose of this section is to analyse research that has been completed on the archi-

tecture and structure of machine learning implementations utilised in forecasting stock

prices. Its intention is to obtain an understanding of how to best configure the overall

architecture to obtain the most accurate forecasts.

Gandhmal and Kumar [39] conducted a study of stock market prediction techniques

which consisted of reviewing 50 research papers to analyse which methodologies, datasets,

software tools and performance evaluation measures are used most widely in stock mar-

ket forecasting. They found that the Bayesian model, Fuzzy classifier, Artificial Neural

Networks and Support Vector Machine classifiers are most commonly used. The most

19
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commonly used software tools were MATLAB and TensorFlow with work performed in

Python and JavaScript. They found that the performance metrics most commonly used

by the research papers they evaluated were the Mean Absolute Percentage Error, the

Root Mean Square Error, accuracy, the Mean Squared Error, the Mean Absolute Error

and precision.

Ullah et al. [40] set out to identify the most accurate configuration of a Recurrent Neural

Network for forecasting stock prices on the Pakistan Stock Exchange. They found that

the Recurrent Neural Network architecture that produced the most accurate forecasts

utilised the Rectified Learning Unit activation function, the Mean Squared Error loss

function and a learning rate of 0.0002. Further, with regard to feature selection, they

found that adding technical indicators which are a fundamental part of technical analysis,

like the simple moving average, exponential averaging and the average directional index,

did not improve model performance and that using the historical closing prices on their

own provided the greatest forecasting accuracy.

Shynkevich et al. [41] performed a study on the impact of varying the input window

length on the forecasting accuracy of stock prices, setting out to identify the optimal

combination of input window length and forecast horizon. Their research was performed

on three machine learning architectures, the Support Vector Machines (SVM), Artifi-

cial Neural Networks (ANN) and k-Nearest Neighbours (kNN), which were utilised to

forecast the directions of future price movements. The dataset utilised in the study

was the daily stock prices of fifty stocks listed on the New York Stock Exchange for a

ten year period. They found that for each forecasting horizon, the highest prediction

performance was reached when the input window length was approximately equal to the

forecast horizon. For the minimum forecast horizon (one day), the input window that

provided the greatest forecasting accuracy was the minimum input window used (three

days). This relationship held throughout the experiments performed, with the longest

forecast horizon, thirty days, being most correctly forecasted with an input window size

of thirty.

Based on the research performed in this section, it is noted that the most recent stock

prices on their own appear to be the best indicator of future stock prices when machine

learning algorithms are used.



Literature Review 21

3.2 Research on the utilisation of machine learning for

forecasting timeseries data

Extensive research has been conducted on the value provided by machine learning for

forecasting time series data. This section analyses the forecasting accuracy of an array

of both machine learning and classical statistical methods for forecasting time series

data to determine which techniques have historically provided the greatest degree of

forecasting accuracy.

Makridakis and Spilliotis [3] evaluated the performance of popular machine learning

algorithms in comparison to eight traditional statistical methods to forecast time se-

ries data across multiple horizons. As part of their research, the authors, evaluated

pre-existing research comparing the accuracy of machine learning models to that of tra-

ditional statistical models. They found that these studies have generally led to mixed

results. However, a characteristic common to all these studies was that a limited number

of datasets were used in their comparisons.

To measure the accuracy of their models, they used the symmetric Mean Absolute

Percentage Error and the Mean Absolute Scaled Error. Computational complexity,

being the time needed to train a given model and use it for extrapolation, was measured

simply as the mean computational time required by the model to predict a time series

divided by the corresponding time needed by the Näıve method to achieve the same

task.

As pre-existing research provided conflicting conclusions on whether pre-processing data

increased the accuracy of machine learning models, Makridakis and Spilliotis [3] applied

various pre-processing methods on a one-step Multi-Layer Perceptron Model and then

applied the most accurate pre-processing method on all machine learning models. They

found that both the Box-Cox and logarithmic methods do not improve accuracy by

much. They also found that seasonal adjustments provided significantly better results

and that removing the trend from data using a linear function provides more accurate

results than using a first difference. However, they concluded that more work needs to

be performed on the best approach to pre-processing, particularly to determine whether

the same conclusions found with a multi-layered perception would be found using other

machine learning models.

They used the models to forecast the next 18 time steps for a collection of different time

series data. They grouped these forecasts into short term (1 to 6 time steps ahead),

medium term (7 to 12 time steps ahead) and long term (13 to 18 time steps ahead). They

found that traditional statistical forecasting models were more accurate than machine
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learning models across all forecast horizons as well as more computationally efficient.

Their results are visualised in the below graph:

Figure 3.1: Results of the study performed by Makridakis and Spilliotis [3] indicating
the symmetric Mean Absolute Percentage Error and Computational Complexity of the

models investigated.

In their results, which are visualised in Figure 3.1, it was clearly observed that not

only was classical statistical forecasting techniques much more computationally efficient

when compared to machine learning algorithms, but they exhibited superior forecasting

accuracy as well. The machine learning technique that provided the greatest degree

of forecasting accuracy was the Bayesian Neural Network, followed by the Multi-Layer

Perceptron and the Support Vector Regression.

Soni [5] conducted a research survey to analyse the applications of neural networks to

stock price forecasting. They found that neural networks are significantly more accurate

than other competitive models and algorithms, including multiple linear regression anal-

ysis, in forecasting stock prices. Further, they found that a vast range of different stock

market parameters were used in stock price forecasting using neural networks, including

market index movements, fundamental analysis, moving averages, stock price values and

daily returns, among others.

Balaji, Ram and Nair [42] designed fourteen different deep learning models to forecast

the closing prices of shares included in the S&P BSE-BANKEX index over the period 12

July 2005 to 3 November 2017. The results of their study were measured using the Root

Mean Squared Error, the Median Absolute Percentage Error as well as the Directional

Accuracy, which measures only the accuracy of the movement direction of the stock price

forecast. They found that an Extreme Learning Machine, a Long-Short Term machine

with two hidden layers, a Convolutional Neural Network with three hidden layers and

a Gated Recurrent Unit with three hidden layers performed best among the fourteen

models they constructed. Additionally, they found that Gated Recurrent Units provided
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the lowest Median Absolute Percentage Errors for shorter forecast horizons whilst the

Extreme Learning Machines provided the lowest Median Absolute Percentage Errors for

longer forecast horizons.

Samarawickrama & Fernando [43] evaluated different recurrent neural network mod-

els’ forecasting accuracy in predicting daily stock prices of selected companies on the

Colombo Stock Exchange. They used Feedforward Unidirectional Recurrent Neural Net-

work, Gated Recurrent Unit and Long Short-Term Memory architectures. Closing, High

and Low prices for the past two days were utilised as input variables. They found that

the LSTM model provided the best forecasting accuracy whilst the GRU performed

worst.

Hiransha et al. [44] conducted a study on the accuracy of four deep learning architec-

tures (Multilayer perceptron, Recurrent Neural Network, Long Short-Term Memory and

Convolutional Neural Network) in forecasting stock prices for stocks listed on the Na-

tional Stock Exchange of India and the New York Stock Exchange. They found that the

Convolutional Neural Network model outperformed the other machine learning archi-

tectures used. They further found that the Convolutional Neural Network was capable

of capturing abrupt changes in the underlying data. This is consistent with the findings

of Selvin et al. [45] who performed a similar study on stocks listed on the National

Securities Exchange of India using Recurrent Neural Network, Long Short-Term Mem-

ory and Convolutional Neural network architectures and found that the Convolutional

Neural Network architectures outperformed the other machine learning architectures.

They concluded that this was due to the sudden changes that were present in the stock

market which may not follow a regular pattern or the same cycle as both the Recurrent

Neural Network and the Long Short-Term Neural Network are time sensitive.

Guan and Lu [46] evaluated the forecasting accuracy of a CNN-LSTM model compared

to a simple LSTM, k Nearest Neighbours and linear Regression. Their dataset consisted

of the S&P500 Index as well as the stock prices for Intel, Tesla, Macy’s and Celgene

for the period January 2000 to April 2020, with 90% used as the training set and

10% as the testing set. They also incorporated other economic indicators, including

market indicators and exchange rates, into their model in order to evaluate whether these

improve forecasting accuracy. They found that their CNN-LSTM model’s results were

not significantly better than the other models used for next day forecasting, but their

model did perform significantly better for the ten day average movement forecast. They

noted that this was due to the CNN-LSTM model being able to capture the underlying

trends much better than the simple LSTMmodel. This was attributed to the CNN layers

being activated by a variety of input patterns and then passing processed information

to the downstream LSTM layers. This is consistent with the observations of Hiransha
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et al. [44] and Selvin et al. [45] who both highlighted the ability of CNN’s to identify

underlying patterns in the data. Guan and Lu [46] further found that adding additional

technical and economic indicators to their dataset, in addition to the historical share

prices, did not impact on the performance of their models for next day prices, though

an improvement in performance was observed for longer time horizons.

The research contained in this section covers a broad range of data sets and forecasting

techniques. Makridakis and Spilliotis [3] found that classical statistical forecasting meth-

ods outperformed machine learning algorithms in forecasting time series data. Of the

machine learning techniques analysed, they noted that the Bayesian Neural Networks,

followed by the Multi-Layer Perceptron and the Support Vector Regression, followed by

the Recurrent Neural Network. In their study, they found that the Long Short-Term

Memory Network provided the worst forecasting accuracy. This is in contrast to Balaji,

Ram and Nair [42] who observed that the LSTM model was one of the most accurate

models analysed in their study. However, what differentiates their LSTM model from

Makridakis and Spilliotis’s is that they included two hidden layers as opposed to one,

indicative that increasing the amount of hidden layers included may increase forecast-

ing accuracy as the additional hidden layer allows the model to better understand the

nuances present in the underlying data. However, simply adding complexity to the ma-

chine learning model does not necessarily improve forecasting accuracy. This was found

to be the case by Guan and Lu [46] who observed that the forecasting accuracy of a

CNN-LSTM model was not significantly better than the simpler neural network models.

Overall, Soni [5] found that neural networks outperformed alternative machine learning

techniques, which is in line with the rest of the research papers analysed in this section.

3.3 Research on Neural Networks for Share Price Fore-

casting

Multiple approaches have been taken in assessing the use of recurrent neural networks

to forecast share prices for different time horizons.

3.3.1 Trend forecasting

Parray, Khurana and Kumar [47] performed an evaluation of the forecasting accuracy

of a support vector machine, a perceptron and logistic regression for the shares included

in the Indian Stock Exchange’s NIFTY50 index for the period 1 January 2013 to 31

December 2018. Their research focused only on forecasting the trend of share price

movements for the following day, using three historical observations as the input. Trend
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forecasting refers to only forecasting the direction (up or down) of the share price. The

support vector machine was able to correctly forecast the trend 87.35% of the time,

whilst the perceptron’s accuracy rate was 75.88% and the logistic regression’s 86.98%.

3.3.2 Forecasting next day closing prices

Gao and Chai [48] built a model using a Long Short Term Memory architecture to fore-

cast next day closing prices, i.e. the price the shares would trade at, at the close of

business on the following day. Their input data consisted of the daily basic trading data

set (opening price, closing price, high price, low price, trading volume and the adjusted

price, which is the closing price adjusted for distributions and corporate actions) for com-

panies and 15 stock market technical indicators. Their first dataset contained S&P 500

companies’ data for the period 3 January 2000 to 10 November 2016, and their second

dataset contained NASDAQ-listed companies’ data for the period 2 January 2004 to 15

August 2016. The data was normalised using min-max normalisation. Glorot uniform

initialisation was used to generate random weights and biases. The Adam optimisation

algorithm was used as Gao and Chai felt that this algorithm was relatively computation-

ally efficient with few memory requirements. To demonstrate the utility of their system,

they tested seven models: Moving Average, Estimated Moving Average, Autoregressive

Moving Average (ARMA), Generalised Autoregressive Conditional Heteroscedasticity

(GARCH), Support Vector Machine (SVM), Feed Forward Neural Network and Long

Short-Term Memory. They found that when compared to other machine learning mod-

els, the Long Short Term Memory model combined with basic trading data, technical

indicators and Principal Component Analysis were more accurate at forecasting next

day closing prices.

3.3.3 Next day opening prices

Qiu, Wang and Zhou [6] built a Long Short-Term Memory model with an attention

mechanism to forecast next day opening prices, i.e. the price the share would trade

at, at the start of the following day. The data used for their experiment consisted of

three stock indices. The S&P 500 and Dow Jones Industrial Averages were used for the

period 3 January 2000 to 1 July 2019 and the Hang Seng Index was used for the period

2 January 2002 to 1 July 2019. The input data into their model consisted of the opening

price, closing price, high price, low price, adjusted closing price and the trade volume.

The data was normalised using zero mean normalisation. The data was denoised using

the coif3 wavelet transformation method. This consisted of three decomposition layers.

This was evaluated using the signal to noise ratio and the root mean square error:
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A higher signal to noise ratio and a lower root mean square error indicated a better

denoising effect of the wavelet transformation. They found that their model was more

accurate at forecasting the next day opening prices as compared to a standard Long

Short Term Memory model (i.e., without an attention mechanism), a Long Short-Term

Memory Model with wavelet transformation only, and a Gated Recurrent Unit. They

also indicated that they would like their future work to incorporate data predictions

based on stock-related news.

3.3.4 Next 12 days closing prices

Jahan and Sajal [49] used the closing price of one stock, Advanced Micro Devices, for

168 days to forecast the losing price for the stock for the subsequent 12 days using a

recurrent neural network with Long Short-Term Memory architecture, i.e. the price the

stocks would trade at, at the end of the subsequent twelve business days. They found

that their model had a less than 5% error percentage. They noted that they would like

to incorporate investor sentiment into their future work.

3.3.5 Bidirectional Recurrent Neural Networks

Althelaya et al. [35] performed an evaluation of whether bidirectional Long Short-Term

Memory provide greater forecasting accuracy for stock market prices over both a long

term and short term horizon when compared to standard Long Short-Term Memory

units. Their research was done on the S&P500 Index for the period 1 January 2010 to

30 November 2017. They found that Bidirectional Long Short-Term Memory Recurrent

Neural Networks provided greater forecasting accuracy than the single directional Long

Short-Term Units. Further, they found that the gap between the forecasting accuracy of

Bidirectional and singular directional networks grew over longer time periods, i.e., the

forecasting accuracy of singular directional neural networks degraded at a faster rate

than bidirectional neural networks the further into the future the forecast was made.

Althelaya et al. [35] performed further analysis of the forecasting accuracy of multi-

ple configurations of Single Direction and Bidirectional Long Short-Term Memory and

Gated Recurrent Units in forecasting stock prices. The same dataset utilised in their

previous research, the S&P500 Index over the period 1 January 2010 to 30 November

2017, was utilised. However, instead of only utilising closing prices in the input set, they

utilised the closing price, opening price, high price, low price and volume of shares as

part of their input set. The time series data was also differenced and normalised using

min max normalisation. Their research used a window time of 10 historical observations
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to forecast one day ahead (short term) and thirty days ahead (long term). A Multi-

Layer Perceptron was utilised as a benchmark. All Gated Recurrent Units and Long

Short-Term Memory Units performed better than the Multi-Layer Perceptron. Further,

the bidirectional models outperformed their singular directional counterparts, whilst the

Bidirectional Long Short Term Memory model provided greater forecasting accuracy as

compared to the Gated Recurrent Unit’s.

Siami-Namini et al. [50] performed a study on whether a Bidirectional Long Short-Term

Memory Unit architecture outperformed a single directional architecture. Their study

was performed over various market indexes as well as the closing share price of IBM for

the period July 2009 to July 2019. Their data set was split 70% for training and 30% for

testing. They found that the Bidirectional LSTM was, on average 37.78% more accurate

in forecasts than the single directional LSTM model. It was noted that training based

on the Bidirectional LSTM model was slower than the single directional LSTM model.

Huynh, Dang and Duong [31] developed a new model for predicting stock price move-

ment directions using a Bidirectional Gated Recurrent Unit (BGRU). Their research

was performed over both the S&P500 Index as well as individual stocks over the period

October 2006 to November 2013. The forecasting accuracy of the Bidirectional Gated

Recurrent Unit was compared to the forecasting accuracy of a Long Short-Term Memory

Unit and a standard Gated Recurrent Unit. The proposed Bidirectional Gated Recur-

rent Unit provided a greater forecasting accuracy as compared to the standard Gated

Recurrent Unit and the Long Short Term Memory unit.

3.3.6 The Application of Machine Learning algorithms to JSE-listed

securities

In a survey review performed, Henrique et al. [51] found that the vast majority of

research performed on the application of machine learning for stock price forecasting

was performed within a North American context. Limited research has been conducted

on the forecasting accuracy of machine learning for stocks listed on the Johannesburg

Securities Exchange. Drue [52] found that an investment portfolio of JSE-listed instru-

ments built using a Support Vector Machine outperformed portfolios built using Factor

Based Investment portfolios used in traditional finance. The Support Vector Machine

was set up to perform a classification task, categorising shares as over or under per-

formers, being shares that provided positive and negative excess returns, respectively.

Support vector machines are more appropriate for classification problems as opposed to

regression problems.
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Balusik, Magalhaes and Mbuvha [53] evaluated whether a Long Short-Term Memory

Network outperformed the Seasonal Autoregressive Integrated Moving Average in fore-

casting the intraday directional movements and closing price of the JSE Top 40 Index.

They found that their LSTM model was able to forecast the movement of the JSE Top40

Index with 50% accuracy as compared to an accuracy of 44.3% for the Seasonal ARIMA

model.

3.4 Summary

This chapter has evaluated extensive existing research in using neural networks for time

series forecasting, with specific focus on share price forecasting. It has found that dif-

ferent types and configurations of neural networks do indeed provide predictive value in

forecasting share prices, and that bidirectionality improves the accuracy further. It has

also found that very limited research has been performed thus far in analysing whether

using machine learning can be used to forecast share price movements of JSE-listed

shares specifically.

Based on the review performed, it was concluded that for this study, a standard recurrent

neural network, a Long Short-Term Memory neural network and a Gated Recurrent

Unit neural network would be built for JSE-listed securities, using both single and

bidirectional models. These ensured that the full spectrum of recurrent neural networks

have been evaluated within a South African context. The size of the input window was

varied as well to evaluate whether a linear relationship does exist between the input

window and the forecasting horizon as identified by Shynkevich et al. [41]. Finally,

experiments were performed based on using both the historical price on its own as well

as the historical price along with the market index. This was to assess whether, in the

context of the Johannesburg Securities Exchange, using the historical price on its own

provides greater forecasting accuracy than when it is coupled with the market index, as

found by Ullah et al. [40] with research on the Pakistan Stock Exchange.



Chapter 4

Experimental Framework and

Datasets

This chapter contains a summary of the data used to conduct the experiments and the

computing environment in which the experiments were performed.

4.1 Data Sets Used

The data used in this study is limited to the shares that are included in the Johannesburg

Securities Exchange’s Top 40 Index (referred to as the ‘JSE Top40’). The share data was

obtained from the Reuters’ Refinitiv Eikon financial data platform. Data was extracted

for each share included in the Johannesburg Securities Exchange’s Top 40 Index as at 21

September 2020, according to the Reuters Refinitiv Eikon platform. The data extracted

for each company is as follows: The exchange date, the closing price, the opening price,

the high price and the volume. The data extracted covered the period 4 January 2010

to 30 May 2020. However, in instances where the date on which the stock listed on the

Johannesburg Securities Exchange is after 4 January 2010, the data was extracted from

the first available date.

Initially, all neural network models were run across all 40 shares included in the JSE’s

Top 40 index, using the period 2 January 2019 to 31 December 2019 as the training

set whilst the period 2 January 2020 to 29 May 2020 was used as the testing set. The

performance of the JSE’s All Share Index, which captures the share price performance of

all shares listed on the JSE, is included above. As evidenced above, it is noted that the

overall performance of the market remained relatively stable throughout the 2019 year

29
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Figure 4.1: JSE All Share Index

before falling sharply with the advent of the Covid-19 pandemic in 2020 before slowly

recovering.

As a result of the above noted unforeseen external factors’ impact upon the market,

using only the 2019 year as the basis for which the models were trained to forecast 2020

share prices produced models that were not highly accurate. Consequently, the same

models were then restructured as walk forward validation models. This means that the

entire model is retrained at each individual time step with the model being retrained

with all historical data from the start date, 2 January 2019, up to the day before the

forecast date. Using walk forward validation uses significantly more computational time

than simply building a model once and making forecasts using the same model. This

computational time was measured using Python’s built in timeit.timeit function.

4.2 Experimental Framework

The financial data noted above were exported from a Reuters Refinitiv Eikon terminal

into a series of Comma Separated Values (.csv) files which were then uploaded to an

individual Google Drive. This Google Drive containing the financial data was then

mounted to a Google Collaboratory Python 3 notebook in which the experiments were

performed. This notebook utilises a Tensor Processor Unit v2 with 8 cores. The relevant

share data for individual stocks were read into a Pandas Data Frame at the start of the

execution of individual experiments. Neural networks were built using both the Tensor

Flow and Keras libraries within Python, whilst Statsmodels for traditional statistical

models, and Matplotlib and Sci-Kit Learn were used for model evaluation.
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Ten time steps were forecast and assessed against the actual share prices. Additionally,

the number of historical observation inputs used varied as 4, 5, 6, 10 and 15 inputs

were used for each model to assess whether adding additional historical inputs provided

greater forecasting accuracy. The recurrent and hybrid neural networks were run using

both the share price alone and the share price in conjunction with the market index

on the same dates as the input datasets. The accuracy of the machine learning models

were measured by calculating the Mean Absolute Percentage Errors at each forecast

time step between the forecast share price and the actual share price. Additionally, the

gradient of the change in the Mean Absolute Percentage Errors were calculated as well.

The purpose of this was to aid the assessment of the degradation in the Mean Absolute

Percentage Error as additional future time steps were forecast.

4.3 Statistical Python Implementations

4.3.1 Näıve Method

A simple Python for loop was run on the closing prices of each stock individually,

performing a simple differencing exercise starting at one time step and ending at a

time step difference of fourteen. That is, the forecasted price at time step t would be

exactly equal to the historical actual price at time step (t-n) where n increases from one

to fourteen. A range of fourteen was utilised to evaluate the change over time and to

inform the number of historical inputs to utilise when building machine learning models.

4.3.2 Autoregressive Integrated Moving Averages

The Arima model from Python’s StatsModels library was used. A single degree of

differencing was applied to the model to make the model stationery. This model was

used to make one day forecasts based on 5 historical observations.

4.3.3 Holt Winter’s Exponential Smoothing

The simplified version of this exponential smoothing model was utilised from Python’s

StatsModels library.
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4.3.4 Theta Method

The model was built in Python using the Seasonal Decomposition and Simple Exponen-

tial Smoothing models from the StatsModels library as well as the Linear Regression

Model from the Sci Kit Learn Library. Different configurations of the Theta Model were

run, varying the number of historical observations included used as the model’s inputs

(five to fourteen observations were used), and varying the interval being forecast from

forecast one to forecast five.

4.4 Machine Learning Python Implementations

All neural network models noted below utilises the rectified linear unit (Relu) activation

function, the Adam stochastic gradient descent optimiser and Mean Squared Error loss

function. These models were all trained using 100 epochs.

Model 1: Random Forest The RandomForestRegressor function from SciKit Learn

was utilised as a Walkforward validation model. Given the nature of the data to

be trained, the n estimator parameter was set to 1 000. This means that 1 000

trees will be used in the forest.

Model 2: Feedforward Neural Network A feedforward neural network model was

built with a single hidden layer with 100 nodes and a single dense output layer

with a single node.

Model 3: Convolutional Neural Network As a starting point, a one-dimensional

Convolutional Neural Network model was built. The first hidden layer, which was

the standard Conv1D layer, consisted of 64 filters and a kernel size of 2. This was

then followed by a pooling layer, a flatten layer to reduce the feature maps to a

single one-dimensional vector, which in turn was followed by a dense layer that

would interpret the features extracted by the model and distil this into a single

forecasted stock price. This model was initially built on a single univariate stream

of input data, being the historical stock prices for the stock in question.

Model 4: Simple Recurrent Neural Network Models TensorFlow’s SimpleRNN,

LSTM and GRU layers were utilised. These models each consisted of a single hid-

den layer, with 100 nodes. These were then assessed on their own before being

wrapped in a Bidirectional layer to assess whether adding bidirectionality would

improve forecasting accuracy.
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Model 5: CNN-LSTM The CNN part of the model starts with a time-distributed

convolutional layer for initially reading the input data. This layer consisted of 64

filters and a kernel size (convolutional window length) of 2. This is then followed

by a time-distributed max pooling layer, with a pool size of 2, to distil the data

down to its most important features. This is then flattened down to a single one-

dimensional vector which was to be used as the input into the LSTM layer. The

LSTM then reads this data and makes a forecast.

Model 6: ConvLSTM The ConvLSTM2D layer was utilised to read and process the

input data. This layer utilised 64 filters and had a kernel size of (1, 2). This was

then flattened into one dimension before a dense layer used to forecast.

4.5 Summary

This chapter described the experimental framework for the study. The computational

environment in which the experiments were conducted was presented first. This was

followed by a description of the inputs and outputs that was to be used in each model,

including an analysis of the market conditions that existed and drove the patterns present

in the input dataset. Finally, the manner in which each model would be built in the

Python programming language was introduced.



Chapter 5

Statistical Forecasting Evaluation

Prior to applying machine learning models to the data, exploratory analysis of the data

was performed to obtain an understanding of the data as well as to identify any trends

and nuances found in the data. The experiments performed related to statistical forecast-

ing techniques and their results are presented in the following chapter. Four statistical

techniques were applied to the stock price data, i.e., a näıve method, Autoregressive

Integrated Moving Averages (ARIMA), simple exponential smoothing and the theta

method. The numerical results of these experiments are presented in Appendix ATable

1 (Näıve method, ARIMA, Simple Exponential Smoothing, Theta Method), Table 2

(Detailed Näıve method), and Table 3 (Detailed Theta method) of the Appendix. This

Appendix Table contains the individual Mean Absolute Percentage Errors for the stock

prices utilised, as well as overall averages of these Mean Absolute Percentage Errors for

each traditional statistical method. The outcomes of these analyses were analysed as a

baseline when evaluating the outcomes of the machine learning models applied later on.

5.1 Näıve method

A naive method was applied as a simple benchmark against which the predicted values

of other methods were compared. This method consists solely of using the value at time

step n-x to forecast the value at time step n where x represents the forecast horizon.

This was used to analyse the degree of momentum in day to day stock price changes.

The method was applied over a 1 business day to 14 business day time horizon in order

to determine how quickly the predictive value of this method deteriorates over time.

34
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Figure 5.1: Näıve method results

5.1.1 Findings

The Mean Absolute Percentage Errors observed for all stocks grew steadily over the

fourteen-day time horizon with no stock showing any reduced error at a later time

step than a prior time step. When forecasting 1 timestep, the model produced an

average Mean absolute Percentage Error of 1.58% whilst the model produced an average

Mean absolute Percentage Error of 5.77% when forecasting 14 timesteps into the future.

Additionally, the largest increase in the observed Mean Absolute Percentage Error overall

was from day one to day two. Thereafter, the day on day increase in the Mean Absolute

Percentage Error slowly declines. Interestingly, it is observed that the stocks with the

nine highest Mean Absolute Percentage Errors were all from the mining sector. Refer to

Table A.2 in the Appendix for the average Mean absolute Percentage Errors produced

by this model at all timesteps.

5.2 ARIMA

The ARIMA model implemented was the Rolling Forecast ARIMA Model. This model

works by going through the dataset from the starting point, consistently forecasting the

next time step, using a predefined number of prior time steps to, comparing the forecast
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to the actual and adding the mean squared error to the model’s total mean squared

error.

The model has been applied to only to closing price data of the JSE’s Top 40 Stocks. It

evaluated how accurately the ARIMA model was able to forecast the next closing price

based on the prior five closing prices.

5.2.1 Findings

The Arima Model was unable to produce forecasts for a number of stocks due to the

perceived presence of seasonality in these share prices. This is because a standard Arima

model does not support time series data with a seasonal component [26]. For the stock

prices that were successfully forecast by the model, an average Mean absolute Percentage

Error of 1.598% was observed when forecasting the next day closing price. The errors

observed were in line with the errors observed for the Theta Method noted below.

5.3 Theta Method and Holt Winter’s Exponential Smooth-

ing

Figure 5.2: Theta Method Results
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Across all forecast intervals, the observed errors very slowly declined when more histori-

cal observations were used in the forecast. The 1 time-step forecast produced an average

Mean absolute Percentage Error of 1.676%, which declined very slightly to 1.62% when

14 historical observations were included. When forecasting five steps into the future,

the model produced an average Mean absolute Percentage Error of 3.665% when 5 his-

torical inputs were used, which declined to 3.581% when 14 historical inputs were used.

As with prior statistical models utilised, it was observed the biggest change in the day

to day movement in the forecast errors observed was in the movement from forecast-

ing the share price the following day to forecasting the stock price in two days’ time.

Thereafter, the day to day change in the error observed tapers off. Refer to Table A.3

in the Appendix for detailed results. As with prior statistical models utilised, it was

observed that forecasting stock prices in the mining industry still produces the greatest

Mean Absolute Percentage Errors.

The Holt Winter’s Exponential Smoothing model produced results with a Mean Absolute

Percentage Error slightly higher than that of the Arima model and the Theta Method

discussed above.

5.4 Summary

This chapter has documented the results of the experiments performed using classical

statistical techniques. The following observations were made based on the analysis above.

Firstly, considering the results of the models utilised, the Theta Model performed best.

Therefore, this model would be used as a benchmark when analysing the results of

the neural networks utilised. Additionally, it is observed that increasing the number of

historical observations as inputs into the model increased the forecasting accuracy of the

model. The forecast accuracy changes the most when moving from forecasting the stock

price in one day’s time to forecasting the share price in two days’ time. The forecasting

errors then taper off thereafter. The results obtained in this chapter were utilised as a

benchmark against which the forecasting accuracy of the machine learning methods was

measured.



Chapter 6

Neural Network

The neural network models developed are described and their results presented and

analysed in the following chapter. A simple random forest model was also developed

as a machine learning benchmark alternative to the neural network models. The first

neural network model is a feedforward neural network. The results of a Convolutional

Neural Network are then presented and evaluated, followed by multiple configurations

of recurrent neural networks. Finally, two neural network models that were built using

both convolutional and recurrent layers are presented and evaluated. All neural net-

work models were initially trained only once using only 2019’s data as the training set.

Thereafter, they were trained as walk forward validation models. The recurrent neural

networks were forecast for 10 time steps to further evaluate their accuracy over a longer

forecast period. The numerical results of these models are contained within Table 4

(Single train univariate), Table 5 (Walkforward univariate), Table 6 (Single train mul-

tivariate) and Table 7 (Walkforward multivariate) of the Appendix where the overall

Mean Absolute Percentage Errors are contained as well as the gradient of the change in

the Mean Absolute Percentage Error for forecast time step 1 to forecast time step 10.

6.1 Univariate Inputs

6.1.1 Model 1: Random Forest

This model provided a Mean Absolute Percentage Error of 3.9157% for one time step

forecast. This was used as a benchmark against which to measure the performance of

neural networks.

38



Neural Network 39

Figure 6.1: Feedforward Neural Network Results

6.1.2 Model 2: Feedforward Neural Network

The feedforward neural network model (walk forward) produced its smallest Mean Ab-

solute Percentage Error for the configuration that used four historical observations as

its input (4.29% for its first time step forecast). This configuration also produced the

smallest gradient along its forecast window (0.007407), with the Mean Absolute Per-

centage Error of its tenth time step forecast error of 11.2%. As the number of historical

inputs used were increased, the Mean Absolute Percentage Error observed consistently

increased as well as the gradient measuring the increase in the Mean Absolute Percentage

Error over the forecast window.

6.1.3 Model 3: Convolutional Neural Network

The Convolutional Neural Network model displayed the same characteristic as the feed-

forward neural network as the Mean Absolute Percentage Error observed increased as

the number of inputs increased, though the feedforward neural network did outperform

the Convolutional Neural Network across most forecast time steps and input sizes, the

gradient, over the ten step forecasts is however smaller across all input sizes. Addi-

tionally, it was observed that in contrast to the feedforward neural network that had

a growing gradient as the number of inputs increased, the gradient observed with the

Convolutional Model declined as more input observation were added. These two effects

have had the combined effect of the Convolutional Neural Network having a lower Mean

Absolute Percentage Error than the feedforward neural network for models with more

input observations at later forecast windows.
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Figure 6.2: Convolutional Neural Network Results

6.1.4 Model 4: Recurrent Neural Networks

Table 6.1: Recurrent Neural Network Experimental Framework

Input configura-
tions

2 Stock price alone and stock price
with market index

Number of inputs 5 4, 5, 6, 10 and 15 historical obser-
vations

Forecast horizon 10 10 time steps were forecasted and
compared to actuals for each con-
figuration

Training styles 2 Walkforward and train once

Unidirectional Recurrent Neural Network

The Unidirectional Recurrent Neural Network produced Mean Absolute Percentage Er-

rors that were only marginally better than the Mean Absolute Percentage Errors pro-

duced by the Convolutional Neural Networks. However, whilst the gradients of the

Convolutional models reduced as more historical observations were added, the gradients

of the Unidirectional Recurrent Neural Network increased.

Interestingly, the experiment of the Recurrent Neural Network that was trained once

did not perform noticeably worse than the walk-forward version of the experiment.

It was observed that adding bidirectionality to the Recurrent Neural Network reduced

the observed Mean Absolute Percentage Errors across the forecast window for the Re-

current model with few inputs (4, 5 and 6 historical observations). Thereafter, it was

outperformed by the unidirectional recurrent model as the number of inputs were in-

creased.
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Figure 6.3: Unidirectional Recurrent Neural Network Results

Figure 6.4: Bidirectional Recurrent Neural Network Results

Long Short-Term Memory

In contrast to the Unidirectional Recurrent Neural Network where the version of the

model that was trained once produced comparable results to the walk forward ver-

sion of the model, the Long Short-Term Memory model’s train once model produced

Mean Absolute Percentage Errors that were significantly poorer than the Mean Ab-

solute Percentage Errors produced by the walk forward model. The standard LSTM

model produced results that were in line with the results produced by both Recurrent

Neural Network models. However, the Bidirectional LSTM model outperformed both

the Recurrent Neural Network models as well as the standard LSTM Model across the

forecast horizon. However, it is observed that the size of this advantage shrinks as more

input observations were added to the model.
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Figure 6.5: Unidirectional Long Short-Term Memory results

Figure 6.6: Bidirectional Long Short-Term Memory - Walkforward

Gated Recurrent Unit

The Gated Recurrent Unit displayed the same characteristic that was prevalent in other

models in that the walk forward model outperforms the models that were trained once.

However, in contrast to the other models, it was observed that the Bidirectional Gated

Recurrent Unit improved upon the Mean Absolute Percentage Errors observed on the

Simple Gated Recurrent Unit model, whilst its Mean Absolute Percentage Errors actu-

ally performed worse when compared to the Simple model once additional input units

were added.
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Figure 6.7: Unidirectional Gated Recurrent Unit Results

Figure 6.8: Bidirectional Gated Recurrent Unit - Walkforward

6.1.5 Model 5: CNN-LSTM

The CNN-LSTM Models underperformed when compared to all simpler recurrent neural

network models. However, it was noted that the walk forward version of the CNN-LSTM

model produced the smallest gradients over the time forecast horizon out of all models

that were tested. This was a result of the model producing significantly poorer forecasts

in the earlier forecast values than other models whilst the later forecast values were

relatively more comparable to other models. Additionally, the CNN-LSTM train once

model was the only model where the version with 10 inputs produced a higher Mean

Absolute Percentage Error than the version with 15 inputs.
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Figure 6.9: CNN-LSTM Results

6.1.6 Model 6: ConvLSTM

Figure 6.10: ConvLSTM Results

The ConvLSTM models underperformed against the simplified recurrent models across

all forecast horizons and input sizes.

6.2 Multivariate Inputs

The multivariate tests utilised the Johannesburg Securities Exchanges’ All Share Index

as the second input stream of data into the model, along with the closing stock prices.

Initially, these values were all inserted at their original index values and rand values,

respectively. However, the resulting models provided forecasts that had extremely large

Mean Absolute Percentage Errors. Therefore, all input values were normalised to be

between 0 and 1. This has resulted in the Mean Absolute Percentage Errors decreas-

ing significantly. However, the resulting Mean Absolute Percentage Errors still greatly
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exceeded the Mean Absolute Percentage Errors observed when only the stock price was

used as the input. Therefore, it can be concluded that taking the stock price on its own

provides a greater degree of forecasting accuracy than adding the market index, in this

case the JSE All Share Index, as well. This is in line with the research performed by

Ullah et. al. [40] who noted that the models that provided the greatest degree of fore-

casting accuracy were the models that used only historical stock prices as their inputs.

Refer to Table 6 and Table 7 of the Appendix where these results are contained.

6.3 Overall Performance

Table 6.2: Neural Network Models producing the lowest Mean Absolute Percentage
Error

Time step
forecasted

Lowest Mean
Absolute
Percentage
Error

Model Type Training Type Number
of Input
Units

1 4.097% LSTM Bidirectional Walkforward 4

2 5.240% GRU Bidirectional Walkforward 4

3 6.173% GRU Bidirectional Walkforward 4

4 7.095% GRU Bidirectional Walkforward 4

5 7.914% GRU Bidirectional Walkforward 4

6 8.511% GRU Bidirectional Walkforward 4

7 9.177% GRU Bidirectional Walkforward 4

8 9.807% GRU Bidirectional Walkforward 4

9 10.160% LSTM Bidirectional Walkforward 4

10 10.899% LSTM Bidirectional Walkforward 4

The above table was compiled based on the overall performance of all models that were

assessed. From the above table, it is evident that adding bidirectionality into Neural

Network models improved accuracy among all time steps and that training models in a

Walkforward fashion improved accuracy as well. Finally, it was observed that the fewer

the number of input observations used, the more accurate the forecasts are likely to

be, as well as that using only the stock price (and not coupled with a market index)

provided greater accuracy.

6.4 Computational Performance

The purpose of this section is to assess the computational performance of each model,

i.e., the time it took the full model to complete all forecasts in seconds. The experiments
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performed were performed in a Google Collaboratory Python 3 notebook which utilises

a Tensor Processor Unit v2 with 8 cores.

The computational performance of models that were only trained on the stock price are

contained in Table 8 of the Appendix, whilst the computational forecasts of models that

were trained on both the stock price and the market index are contained in Table 9 of the

Appendix. As the Walkforward models were expected to have a much greater training

time than the train once models, the “Change” column in these Appendix Tables were

calculated by dividing the Walkforward time by the train once time, therefore produc-

ing a multiple of how many times longer it took the Walkforward model to complete

its computations, when compared to the relevant train once model. As expected, as

the number of input observations increased, the model took a longer time to complete

its computations. The unidirectional Recurrent Neural network model performed the

most efficiently with the Walkforward model using four inputs taking 9 934 seconds to

complete its full set of computations whilst the version using fifteen historical observa-

tions as its inputs took 13 987 seconds. In contrast, the Bidirectional Gated Recurrent

Unit models performed least efficiently with the Walkforward version with four historical

observations as its input taking 27 419 seconds whilst the version with fifteen observa-

tions performed took 50 185 seconds. Interestingly, the Bidirectional Gated Recurrent

Unit produced the lowest Mean Absolute Percentage Errors out of all models (Refer to

‘Overall Performance’ section above).

From the resulting performance noted, it was observed that the version of the models

that used both the stock prices and the market index as its inputs only performed

marginally poorer than the versions that used on the stock price. For the aforementioned

unidirectional Recurrent Neural Network model, the Walkforward model with four inputs

took 39 times longer than when it was only trained once whereas the Walkforward version

with fifteen inputs took 51 times longer than its train once version. For the Bidirectional

Gated Recurrent Unit model, the Walkforward model was 69 times slower than the train

once model for the version with four input observations whilst it was 87 times slower for

the version with fifteen observations as inputs.

The performance of the models using both the historical stock prices and the market

index as its input data took a slightly longer time to complete its computations. The

Unidirectional Recurrent Neural Network model took 10 207 seconds to complete all

computations for four historical inputs and took 13 645 seconds for 15 historical inputs

whilst the Bidirectional Gated Recurrent Unit took 26 413 seconds for four historical

inputs and 44 903 seconds for fifteen historical inputs.
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6.5 Discussion of Results

This section evaluates the overall results and findings of the experiments performed. It

does this, firstly, by considering which machine learning model performed best, then

comparing the results of the machine learning models to the results of the statistical

models. Finally, it considers the overall results within the context of the Efficient Market

Hypothesis and whether the results are indicative of at least weak form market efficiency.

The machine learning experiments performed found that bidirectional neural networks

provided more accurate forecasts than neural networks that did not incorporate bidi-

rectionality. By analysing the input data in both directions, the neural networks were

able to identify nuances in the stock price movements that were not present in the anal-

yses performed in one direction only. This is in line with the results of the experiments

performed by Althelaya et al. [35] on the S&P500. The Bidirectional Long Short-Term

Memory provided the greatest forecasting accuracy for the one step forecast. This is

in line with the findings of Gao and Chai (2018) who found that the Long Short-Term

Memory provided greater forecasting accuracy for next day stock prices, when compared

to a variety of machine learning models, including a Support Vector Machine and a feed

forward neural network.

Adding the applicable market index, the Johannesburg Securities Exchanges’ All Share

Index, to the neural network models greatly reduced the predictive value of the neural

models. A possible reason for this is due to momentum effects on stock prices. Mo-

mentum effects refer to the tendency of poorly performing stocks and well-performing

stocks in one period to continue that abnormal performance in following periods [7].

Therefore, should stock prices trend towards a certain direction, only historical prices

of the same stock would provide insight as to what the stock price at the next time step

would be. In such cases, adding the stock market index, which considers the movements

in all stocks, to the model would only add noise to the model.

However, based on the traditional statistical experiments performed, it is evident that

the traditional statistical models, in particular the theta model (See Table 3 of the

Appendix) significantly outperform neural networks in forecasting next day closing prices

of stocks listed on the Johannesburg Securities Exchange. This is in line with the results

of the survey conducted by Makridakis and Spilliotis [3] which found that traditional

statistical models outperformed machine learning models, and that the theta model, in

particular, performed best.

The experiments performed on the neural networks which were run as Walkforward mod-

els greatly outperformed the models that were trained once with the 2019 calendar year’s

data being used as the input set. A possible explanation for this is the volatility that
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was present in the financial markets during 2020 due to the coronavirus pandemic, which

included one of the biggest market crashes and quickest market recoveries in history [54].

This market volatility was unforeseen by investors and thus stock price movements in

2019, the year upon which the machine learning models were trained, could not have

factored these extreme fluctuations in. It was also found that the machine learning

models with fewer inputs proved most accurate and that as inputs were increased, fore-

casting accuracy deteriorated. This could be attributed to the abovementioned market

volatility which would have seen greater deviations in stock prices over longer historical

input horizons, which were a result of factors external to the data. The deterioration in

forecasting accuracy as more historical inputs are added contrasts with the statistical

Theta method which saw its Mean Absolute Percentage Errors decline as more histori-

cal stock price observations were added to the model, albeit marginally. This is likely a

result of the theta method providing greater weighting for the most recent forecasts.

As there were both machine learning and statistical methods that provided Mean Ab-

solute Percentage Errors below 10%, it appears that future stock prices over multiple

forecasting horizons can indeed be forecast using primarily historical stock prices as

the inputs. Therefore, sufficient evidence has been obtained from the experiments per-

formed to conclude that stocks listed on the Johannesburg Securities Exchange are not

fully weak-form efficient. This is because prices could be forecasted within a reasonable

error range using trends present in historical prices.

6.6 Summary

This chapter evaluated the forecasting accuracy computational performance of the neural

network models built.

When evaluating the forecasting accuracy, it was found that fewer historical inputs

and bidirectionality improves the forecasting accuracy of neural networks. Further, it

was noted that the Gated Recurrent Unit provided the greatest degree of forecasting

accuracy across multiple time steps for JSE-listed stocks. With regard to computational

performance, the results produced were in line with expectations as more complex models

which incorporated bidirectionality and/or additional inputs took longer to complete

their computations.

Following this, the overall outcomes of the experiments were analysed. It was noted

that the theta method outperformed all machine learning models utilised. Furthermore,

the experimental outcomes of the research performed on the JSE were shown to be

in line with the existing research evaluated as part of the literature review. Finally,
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as the models built provided relatively accurate forecasts, it was concluded that the

Johannesburg Securities Exchange was not fully weak-form efficient.



Chapter 7

Conclusion

This study evaluated the forecasting accuracy of multiple neural networks and multiple

configurations of these neural networks in forecasting next day closing stock prices of the

top forty stocks listed on the Johannesburg Securities Exchange. The neural networks

were built utilising recurrent neural network, Long Short-Term Memory network and

Gated Recurrent Unit architectures. The experiments were run with the neural networks

on their own and incorporating bidirectionality. Additionally, the experiments were run

as a train once implementation whereby the period 2 January 2019 to 31 December 2019

was used as the training set and 2 January 2020 to 29 May 2020 used as the testing

set and then as a Walkforward implementation whereby all historical observations from

2 January 2019 up to the forecast date were used as the training set. A convolutional

neural network and a random forest were used as machine learning baseline models.

The results of these neural network models were compared to the forecasting accuracy

of classical statistical models forecasting the same stock prices. The classical statistical

techniques utilised included a näıve method, Arima, exponential smoothing and the theta

method. The experiments focussed on forecasting closing stock prices over a forecasting

window of 10 observations and considered whether incorporating a secondary input

source, being the market index, would improve model accuracy.

The results show that neural networks incorporating bidirectionality outperform neural

networks that do not incorporate bidirectionality and that Walkforward forward mod-

els greatly outperform models that were trained once. Walkforward and bidirectional

models were also shown to take a significantly larger number of computational time

compared to models that were only trained once and models that did not incorporate

bidirectionality, respectively.

50
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In addition to the above, the study found that forecasts using only the historical stock

price as the input outperformed forecasts, where both the stock price and market index

were included. Additionally, it was found that for neural network models, fewer historical

inputs provided greater forecasting accuracy.

In general, it was shown that the Bidirectional LSTM model produces the best fore-

casting accuracy one time step into the future. Furthermore, the Bidirectional Gated

Recurrent Unit is more accurate two to eight time steps into the future with the Bidi-

rectional LSTM model being more accurate for nine and ten time steps into the future.

However, the classical statistical models significantly outperformed these models as well,

with the statistical Theta Method performing best.

Overall, even though certain configurations of machine learning architectures provided

relatively accurate forecasts, all of these were outperformed by statistical techniques that

tend to place much greater emphasis on only the most recent historical observations and

not an extended training window.

7.1 Contributions

The primary contribution of this work is an evaluation of the forecasting strength of

statistical and machine learning models on stocks listed on the Johannesburg Securi-

ties Exchange. The Johannesburg Securities Exchange represents the largest and most

developed stock exchange in Africa. However, research on the application of machine

learning algorithms to stock price forecasting has not been extensively performed on

the Johannesburg Securities Exchange [53]. This research also sought to provide insight

into the degree of market efficiency, in terms of the Efficient Market Hypothesis, of the

Johannesburg Securities Exchange.

7.2 Future Work

Further studies may consider whether including alternative secondary input data into

the machine learning models may improve forecasting accuracy. These could consist of

other numerical data like exchange rates or non-numerical data like performing sentiment

analysis on news articles relevant to individual stocks.

Additionally, it may consider whether using even more historical observations could

be utilised to forecast even further into the future in an accurate manner, and thus

potentially improve profitability over a longer term.
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Appendix

All results are presented in Mean Percentage Error, in decimal format.
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A.1 Traditional Statistical Results

Table A.1: Traditional Statistical Results

*Data noted as not being stationary by the Arima model in Python’s statsmodels library.
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A.2 Naive Method Results

Table A.2: Naive Method Results

A.3 Theta Method Results

Table A.3: Theta Method Results
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A.4 Single train models using the share price only as its

input

Table A.4: Single train models using the share price only as its input



Bibliography 61

A.5 Walkforward models using the share price only as its

input

Table A.5: Walkforward models using the share price only as its input
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A.6 Single train models using the share price and the JSE

All Share Index as its inputs

Table A.6: Single train models using the share price and the JSE All Share Index as
its inputs
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A.7 Total time taken to complete all computations for uni-

variate models

Table A.7: Total time taken to complete all computations for univariate models (Time
noted in seconds)
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A.8 Total time taken to complete all computations for

multivariate models

Table A.8: Total time taken to complete all computations for multivariate models
(Time noted in seconds)
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