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Abstract

Context: After various researches and gauging the amount of work put in fore-
casting techniques, not much work is done in graph classification task where not
only the stock market is predicted but individual stock prices and market index
movements can be predicted together. In this thesis, the work will be based on cap-
turing the effects of the South African Volatility Index (SAVI) and FTSE/]JSE Top 40
index on the stock market volatility.

Aims:Is to develop a graph neural network model that forecasts the Top 40 in-
dex, to use a different technique and to evaluate what happens when the two fore-

casts are put together.

Method: The data is simulated in two steps. For SAVI, there is data period of
2007 February 3 to 2012 July 28. The relation data consisting of FTSE/JSE Top 40
constituents is from 2019 December 1 to 2020 March 31. The data was normalized
through window sizing and LSTM model was implemented for stock market pre-
diction. T-distributed stochastic neighbor embedding (t-SNE) algorithm is used for
nodes representation. For prediction of SAV], the volatility data is being stationar-
ized first then LSTM model is applied to forecast it.

Results: The data set was divided into training and testing data. Using LSTM
method and historical volatility models , the stock market was predicted with a
dramatic fall when there was high volatility. A t-SNE map visualized the node
representations and then classified the companies into their specific branches . The
effect of using different relation data was evaluated and stock market was predicted
to see if the data has any impact on it. SAVI data was stationarized and forecasted
by LSTM technique.

Conclusion: Always normalize and balance the data to avoid biased incompara-

ble results. The implemented LSTM model predicted the stock price and volatility.
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For implementation of a hierarchical attention network, node representations of the
relation data were required and implemented. With different relations in the data,
the effect of using multiple relations in the stock market prediction was studied and
poor prediction of the stock market was obtained. As such a hierarchical attention
network was not able to be taken any further.
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Chapter 1

Introduction

1.1 Problem Statement (or Research Hypothesis)

Volatility forecasting is an important input in portfolio management, market reg-
ulations, option pricing, investments, risk management, security valuations and
monetary policy making. For investment purposes, it is a crucial tool as it can
forecast future returns of the stock market. Given that investors hold long positions
tend to credit themselves when achieving positive returns, this can sometimes cause
overconfidence in the stock market (Gervais and Odean (2001), Odean (1999), Soll
and Klayman (2004)). Correspondingly, a "fear" can grip the market when volatil-
ity rises. It is important to therefore be able to forecast both indices, and to then
compare the accuracy against traditional metrics as well as each other. In other
words, can a stock index and the SAVI be forecasted, along with being inversely

proportional to each other?

1.2 Background

While much research has been conducted in forecasting returns in the stock market,
there still remains a question of the predictive accuracy of these models. Given that
Graph Neural Networks (explained later) are relatively new, this method aims to
enhance prediction by using graphical methods (and deep learning) to identify any
patterns or trends in the data. This is particularly appealing to financial markets, as
many traders use charting techniques (also known as technical analysis) to predict

directional movements in stock prices.



Given a set of returns, volatility is the rate at which the price of a security fluctu-
ates, whether it is increasing or decreasing. A low volatility of a security can there-
fore be described as occurring when prices are stable. It’s converse of high volatility
implies that highs and lows occur quite often, making prediction that much more
difficult. If one is able to predict prices (returns) with greater accuracy, one can
manage the associated volatility of returns, thereby resulting in stable returns over

a time period.

Volatility is also sometimes used as a proxy for the emotional state of investors.
Starting off in the US, a volatility index was created for the SP 500 to describe the av-
erage level of market volatility. If volatility increased, one would observe a decrease
in the SP500 stock index level. This would signal to traders and investors that there
is an increase in uncertainty, causing some market participants to withdraw from
the market to safer assets (such as cash or gold). As a result, these volatility indices
are informally used to gauge “fear” and “greed” in the stock market. The South
African Volatility Index (SAVI) was introduced in 2007 and is used to estimate mar-
ket risk in the country. It is also seen as a fear and market sentiment gauging model
for investors that produces a volatility index given the mental “malfunctioning” of
the investors (who can sometimes be overconfident). SAVI values are utilized by
investors and research analysts to measure the level of fear and stress before com-

mitting themselves to any investment decision.

If one can forecast both the stock prices (or a stock index) and market volatil-
ity, it would be interesting to compare these forecasts to each other, based on their
historical negative relationship. Often, forecasts of either index are based on histor-
ical values of those indices (the forecasted volatility index is compared against it’s
historic values). By introducing a further comparison of the volatility index fore-
cast against the stock index forecast, one can also see if the forecasting methods
produce results that conform to empirical observation (the negative correlation be-
tween the indices). There are different volatility forecasting methods, which range
from simple to complex. Implied volatility models exist, such as an exponential
weighted moving average and standard moving average. These are the simplest
and perhaps the most effective from a trader’s perspective. From time series econo-

metrics, one can use auto regressive and heteroskedastic models, which include the



Auto Regressive Integrated Moving Average (ARIMA) model and the Generalized
Auto Regressive Conditional Heteroskedasticity (GARCH) family of models. With
technology advancing and more methods explored, Artificial Neural Networks are
being studied as well. Each method has its advantages and disadvantages with
each forecasting accuracy tested using the stock indices (Ladokhin, 2009).

1.3 Research Aims and Objectives

1.3.1 Research Aims and Objectives

The aims of the research is:

* To develop a graph neural network model that forecasts the Top 40 index.
* To use a different technique and forecast the SAVL
* To evaluate what happens when the two forecasts are put together.

Given that there is a growing interest when it comes to utilizing graph structured
data, Kim et al. (2019) developed a Hierarchical Attention network for stock price
prediction while utilizing relational data for predicting the stock, see Figure 1.1.
The framework in Figure 1.1 is based on various stock market prediction method-
ologies that utilizes the corporate relational data. It is divided into three modules;
the feature extraction, relational modelling and the prediction layer. The feature ex-
traction module represents the current state of individual stocks based on historical
movement patterns. The relational modelling module is a function for node up-
dating where neighboring nodes exchange information. Using the same technique,
nodes will be created from a feature selection module and fed into a task-specific

layer.

Second, as previous studies have not been able to forecast volatility, a different
model will be applied which is a time series model. Last, after obtaining results of

the two forecasts, an analysis of how each behaves given the other will be observed.
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Figure 1: General framework of stock prediction using relational data.

FIGURE 1.1: Credit: Kim et al. (2019)

Most forecasting techniques that use neural networks focused on node classifica-
tion tasks as well as individual stock price prediction. In terms of a graph classifica-
tion task, little to no work has been done from a stock price prediction perspective,
causing a gap in the literature. As such the research aims to explore graph neural
networks as they are the information exchange chain between neighbouring nodes.
By utilizing these networks, the study will visually classify and forecast stock index
movements and volatility relating to equity market risk in South Africa. Harrilall
and Seetharam (2016) stated that the SAVI is extremely difficult to forecast and it
should be seen as an investment opportunity since it is a fear gauging tool of in-
vestor sentiment. With a different forecasting tool, we will explore the difficulty of
forecasting the SAVL

Objectives

The study will use a graph neural network to forecasting prices of the FTSE/JSE
Top 40 Index. The model requires inputs of the FTSE/JSE Top 40 index and each
top 40 company. The advantage of using a graph neural network framework is that
it requires graph-structured data. A Hierarchical Attention Network will assist in
this regard. The study also proposes time series models in order to predict volatil-
ity. In terms of time series models, the LSTM, standard averaging and exponential

moving average approaches will be used to compare forecasting ability.



1.4 Limitations

From the literature review, there are not many studies done using graph classifi-
cations in finance. While this study will therefore add to the literature, it is also
problematic as there cannot be a comparison of results to other studies (apart from
comparing the results to other classification methods).

When implementing the graph neural network, the injective function are required.They
map a multi-set of embeddings into new embeddings. A mean function can be ap-
plied however this provides limitations as it can give off the same embedding and

not the average leading to no injective function.

1.5 Contributions of the study

Graph neural network is relatively new in enhancing prediction through graphi-
cal methods that identify any patterns/ trends in the data and if one can forecast
both the stock prices (or a stock index) and market volatility, it would be interesting
to compare these forecasts to each other, based on their historical negative relation-
ship. In financial markets, many traders use technical analysis to predict stock price
movements, and knowing the effects of SAVI and FTSE/ JSE Top 40 index on the
stock market volatility, it will be a new different approach in the field. Previously
SAVI was not able to be forecasted and being a fear gauging tool, it will contribute

much in the field if it can be forecasted.

1.6 Assumptions and Definitions

SAVI cannot be forecasted as it is just an investor sentiment gauging index. With its
inclusion in the study, we will factor in the impact of expected future volatilities in
the South African market on the FTSE/JSE Top 40.



1.7 Overview

The thesis is sectioned into 5 chapters:

e Chapter 1: Its introduction section with background, research aims and objec-
tives of the study.

* Chapter 2: Literature review chapter reflecting on the previous studies con-

ducted on the same research topic.
e Chapter 3: This section explains all the methods to be used in the study:.

* Chapter 4: The results section gives a visual output of what the intended
study was on and then discusses the achieved results .

* Chapter 5: This section gives a brief summary of what the results mean, their

link to the literature review and future work.



Chapter 2

Literature Review

2.1 Theoretical Overview

2.1.1 The JSE Top 40 Index

Liu et al. (2020a) identified stock indexes as social and economic indicators that are
important and are able to broadly reflect the stock market’s overall trend and per-
formance. In this study, the focus is on the performance of the South African stock
market, which is proxied by the FTSE/JSE Top 40 Index. This index is regarded as
the primary index on the JSE. From all the shares that are listed in the JSE, above
80% of the total market capitalisation is captured by the FTSE /JSE Top 40 (Liu et al.,
2020a).

2.1.2 The South African Volatility Index (SAVI)

The SAVIis an index that was launched in 2007 with the aim of measuring the mar-
ket’s expectation of the three month period of implied market volatility. In 2009, the
JSE updated the SAVI in terms of measuring expected volatility. The SAVI is based
on the FTSE/JSE Top 40 index and is determined using at-the-money volatilities
and the volatility skew. As such the SAVI is a "fear" gauge index given that it is
determined using the volatility skew which is expected to incorporate the markets
expectations of a crash (De Kock et al., 2015).

Figure 2.1 below shows both the JSE Top 40 index along side the SAVI. It is typ-

ical for there to be a negative correlation between the two indices. As fear increases



in the market, one would expect the Top 40 to have a lower price as investors would

exit their positions in favour of more safety, usually in the form of cash.

Jul'16 Jan'17 Jul'17 Jan'18 Jul'18 Jan'19 Jul"19 Jan 20 Jul"20 Jan'21

FIGURE 2.1: JSE Top 40 compared with SAVI. Credit: The image is
generated from instrument comparison in inetbfa financial database.

2.1.3 Prediction Of Trends Using Traditional Methods And Artifi-

cial Intelligence

Harrilall and Seetharam (2016) investigated the ability of different forecasting tech-
niques in forecasting the SAVI. A Time-Delay Neural Network’s (TDNN) ability to
forecast the South African Volatility Index was compared to other traditional mod-
els. The daily price levels of the SAVI were used as the dataset dating from 2007
February to 2017 December and a comparison of the residual errors of the tools
used in the study suggested that the historical average model and the time-delay
neural network have a forecasting ability that is higher than traditional forecast-
ing models. However, the study suggested that the SAVI cannot be predicted, it is

merely a gauging tool of investors sentiments.

Chaudhuri and Ghosh (2016) constructed Artificial Neural Network (ANN) mod-
els which are based on various back propagation algorithms in order to predict
volatility in the Indian stock market. The study used the volatility of NIFTY re-
turns and volatility of gold returns with several predictor variables like the Indian
VIX, CBOE VIX, volatility returns of crude oil, the Dow Jones Industrial Average
(DJIA), DAX, Hang Seng and Nikkei for the 2013 to 2014 period. The efficacy of
the ANN was examined in terms of volatility prediction and provide satisfactory
results for 2015. However, the forecasting of market volatility dating back to 2008



was less effective.

Ibrahim and Ramu (2016) examined the accuracy of neural networks in volatil-
ity forecasting. Using Apple stock returns, simpler models produced poor results
whilst more complex models produced better results. While accuracy is important,
the need to ensure simplicity with neural networks is equally important to ensure
that the results can be practically actioned by the investor. With ANNs being easy
to implement and efficient, it can provide a good initial benchmark of volatility
forecasting, but the estimation should not solely rely on ANNs as opposed to other

models as well.

Min (2020) uses a Long-Short Term Memory (LSTM) network to forecast trends
in the market proxied by the Nasdaq 100 index. Comparing against an ANN, Sup-
port Vector Regression (SVR) and a Recurrent Neural Network (RNN), the author
found that the LSTM performs better with weekly and not daily data.

With any stock price movement, research has incorporated non-fundamental
factors, relating to sentiment to improve on the accuracy of the prediction. Data
sourced from the news and social media were utilized in this regard, sometimes
leading to improved accuracy (Liu et al., 2020b). Some of these existing methods
stem from the artificial intelligence and computer science literature. For example,
the Dirichlet Mixture Model derives sentiment from news that is then used to con-
struct a sentiment time series and regressed with a stock index in order to pre-
dict the market (Si et al., 2013). The Topic Sentiment Latent Dirichlet Allocation
(TSLDA) model obtains features which simultaneously captures topics and their
sentiments in order to have a model that predicts movements of stock prices using
social media (Nguyen and Shirai, 2015). The Hybrid Attention Network (HAN)
was designed to predict trends in stock prices based on the sequence observed in
related, recent news (Hu et al., 2018). The HAN however has been found to not
account for the different influences of events. Hence Liu et al. (2020b) derived a
Multi-Element Hierarchical Attention (MEHA) capsule network consisting of two
components: generically named a former component and latter component. The
former component uses the weights assignment process to quantify the importance

of any valuable information in social media and multiple news channels. The latter
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component utilises the vector representation in the hidden layer to learn more in-
formation from the events. To maintain the complementarity between social media
and news, a combined data set was constructed and their model showed improve-

ment in prediction accuracy through quantifying of different influences of events.

214 Node and Graph Classifications

Kim et al. (2019) employed a Hierarchical Graph Attention Network (HGAN) for
stock price prediction (an index in their study). The method aggregates information
based on different relational types (which can loosely be thought of as exogenous
variables) and then combines them with company-specific information. The fea-
ture extraction module is utilized for node representations which is then fed into
a task-specific layer. The study showed that the performance varies depending on
the relational data used. Li et al. (2020) employed a hierarchical graph attention
network with semi-supervised node classification in order to learn node features.
This was found to be better than the Kim et al. (2019) model as it achieved superior
results according to goodness of fit criteria.

2.1.5 How the key literature informed the model choice

Given that there is a growing interest when it comes to utilizing graph structured
data, Kim et al. (2019) developed a Hierarchical Attention network for stock price
prediction while utilizing relational data for predicting the stock. Most forecasting
techniques that use neural networks focused on node classification tasks as well as
individual stock price prediction. In terms of a graph classification task, little to
no work has been done from a stock price prediction perspective, causing a gap in
the literature. As such the chosen model is to explore a different technique: graph
neural networks as they are the information exchange chain between neighbour-
ing nodes. By utilizing these networks, the study will visually classify and fore-
cast stock index movements and volatility relating to equity market risk in South
Africa because previously studies have not been able to forecast volatility, a differ-
ent model will be applied.
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Chapter 3

Research Methodology

3.1 Research Design

The broad research design is shown in Figure 3.1 which is a hierarchically attention
mechanism used for stock prediction. The mechanism is designed to select mean-
ingful information at each level. It consists of the state attention layer that considers
the neighboring nodes and then select important meaningful information from the
same types of relations. After gathering the information, it is fed into the relation
attention layer consisting of the relation information vector and the relation types.
In order to apply the hierarchical attention network for stock prediction (HATS)
method, a few modules must be applied first. These are feature selection module
and task specific layer.

3.2 Data

Data will be sourced from IRESS BFA, which is accessed by WITS students. The
IRESS Business Financial Analysis (BFA) is a technology company which provides
continents including Africa with the software to the financial services industry.
Three datasets will be used. The first is the JSE Top 40 index. This contains the
top 40 JSE listed firms by market capitalization. The data consists of High, Low,
Open and Closing values, along with volume. The second is the SAVI, while the
third are the JSE Top 40 constituents. The JSE Top 40 Index prices and the SAVI lev-
els are sourced daily over the period 01 December 2019 to 31 March 2020 as this is
the period when COVID19 started spreading globally, leading to the first lockdown
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of South Africa. This is also an interesting time period to examine the accuracy of
the Graph Neural Network as it is a period of increased uncertainty and volatility.

3.3 Stationarizing the data

In order to forecast, it is required that the data should be stationary. Stationary data
have statistical properties (mean and variance) that do not change much over time.
Given that the data is not stationary, three approaches will be taken to stationar-
ize the data which is detrending, differencing and the addition of the two. On the
detrending approach, the method removes the entire underlying trend. On the dif-
ferencing approach, the method removes underlying seasonal or cyclical patterns.
Lastly, both the approaches are observed on the same plot.

From the critical values and test statistic values obtained per approach, if the
test statistic values are greater than the critical value 1% obtained as this shows
99% confidence level then the data will not be successfully stationarized and vice

versa. See Table 3.1.

Statistical significance | Test Stationary | Detrend | Difference | Detrend + Difference
Test statistic <1% <1% <1% <1%
Critical Value: 1% <1% <1% <1% <1%
Critical Value:5% <1% <1% <1% <1%
Critical Value:100% <1% <1% <1% <1%

TABLE 3.1: Statistical significance values expected when data is sta-
tionarized.

3.4 Applying Graph Neural Network

3.4.1 Modules

Feature Extraction Module

Having individual stocks as node classification tasks means that each node feature

can be used to understand each company’s current state given the movement of
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their prices. Fischer and Krauss (2018) explain how node features are extracted
from raw price data and they utilized the LSTM network along with the Gated Re-
current Units (GRU) network. From their experience of implementation difficulty,
the LSTM was used for individual stock price prediction and GRU for index move-

ment prediction.

Relational Modelling Module

In relational modelling, collections of inter-related tables are used to represent data
and relationships. In this study, relational modelling is used as a node updating
function that updates the representations of the node. It collects information ob-
tained from relation types and different nodes and combines them to represent the

relationships.

Task-Specific Module

The module is task-specific as different tasks can be assigned node representations.
Two graph-based learning tasks are performed - the first is individual stock price
prediction which is similar to a node classification task and the second is market
index prediction, which predicts the index movement given the current state of a

company.

3.4.2 Hierarchical Attention Network

This network is designed to express the importance of different types of relations
and neighbouring nodes in the data. There is an attention mechanism that assigns
different weights to the selected information which is based on the neighbouring
node’s current state. The HATS model is key to performance improvements as it

only selects meaningful information at each level of model construction.
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3.5 Applying time series models

3.5.1 One-step ahead prediction via averaging
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This is an averaging mechanism that represents the future stock prices as a mean of

past observed stock prices in order to predict one step ahead.

Standard averaging

This is a historical volatility model that predicts future stock market prices as a

mean of the previous stock market prices that are observed within a window size

that is fixed.

Exponential Moving Average

The exponential averaging prediction method uses time steps as one step ahead

prediction.



3.5.2 Long Short Term Memory (LSTM)
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LSTM is a recurrent neural network that learns long term dependencies in the data.

It is a model that can predict a number of steps in the future. Nguyen, Tran, and

Nguyen (2019) visualized two types of LSTM models (Figure 3.2), the static and

dynamic models where the dynamic model is continuously retrained using new

augmented data produced after prediction. The LSTM models shows that they take

in historical stock data and applies 5 essential components that allows long and

short term modelling of the data. Under data pre-processing, hyperparameters and

window sizes are defined and the data is then divided into training and testing data

sets. Then the model will be run to predict the stock prices for various epochs.

Data Collection
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| Conversion to Data Matrix |

}

|A.pptying a Sliding Window |
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| Training Set | l Tesling Sel ‘
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(a) Static LSTM method
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|App|ying a Siiding \Mnuow|

Splitting Data
| Training Set l | Testing Set |
Model Building and Training
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Model

Recently Predicled

m

Evaluation I

Date Value

(b) Dynamic LSTM method

FIGURE 3.2: An LSTM model visualized by Nguyen, Tran, and

Nguyen (2019).
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3.6 Analysis

In the analysis of the results, 4 components will be evaluated: data understanding,

data preparation, modelling and evaluation.

Visualisations of the raw data will be produced in order to have a feel of how
the data is structured, flows and if there are any irregular patterns. This will help in
understanding the data. Data is then prepared by normalizing it using a window.
This assists in removing outliers. Modelling is done through the Hierarchical At-
tention Network model, which consists of the individual stock prediction layer and
the graph pooling layer. For the individual stock prediction task, the LSTM will be
implemented and for the graph pooling layer, the GRU model will be implemented.

Finally, Python will be used with training, evaluation and testing of the data,
which will be divided into three classes of upward, downward and neutral move-
ments. The dataset will be divided into smaller subsets that goes through the dif-
ferent phases above. The data will be optimized, hyperparameters will be tuned to
a certain range and the performance of the models will be measured based on each

period’s evaluation set.

3.6.1 Evaluation Metrics

Mean squared errors will be evaluated per epoch using equation below and the
training and validation loss plots will be produced.
1 -
MSE = — Y (Yi—Y;) (3.1)
i=1

MSE = Mean Squared Error
n = number of data points
Yi = observed values
Y'i = predicted values
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Chapter 4

Results and Discussion

4.1 Stationarizing the data

In order to forecast, the data should be tested for stationary and stationarized first.

4.1.1 SAVI

From the plot in Figure 4.1, trends and anomalies can be examined to determine if
the data are stationary. After visualizing the data, a more detailed view of the trend

was obtained in Figure 4.2.

2007 2008 2009 2010 2011 2012

FIGURE 4.1: Visualizing the SAVI data for any anomalies or irregular
patterns.

The observed plot shows the actual values of the volatility, any upwards and
downwards patterns, seasonality, variation per year and the residuals. Figure 4.3
checks the stationary state of the data. From the figure, it can be seen that the data is

stationary with the rolling mean and standard deviations not much changing over
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FIGURE 4.2: Decomposing the data into observed, trend, seasonal and
residual plots.
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FIGURE 4.3: Checking the stationary test of the SAVI data

Given that the data is stationary, there is no need for further transformations.
From the critical values and test statistic values obtained when testing for station-
arity, it can be seen that the data is stationary as the test statistic values are lower
than the critical values. The statistical values obtained can be found in Table 4.1.



19

Statistical significance | Test Stationary
Test statistic -15,839
P-value 0,0
Critical Value: 1% -3,453
Critical Value:5% -2,872
Critical Value:100% -2,572

TABLE 4.1: Statistical significance values obtained from testing the sta-
tionary of the SAVI data

4.1.2 FTSE/JSE Top 40

From Figure 4.4 and Figure 4.5, it can be seen that the data starts off stationary and
then becomes non-stationary as the rolling mean and standard deviations starts off

with not much change over time and then increase.

Given that the data is not stationary, three approaches were taken to stationar-
ize the data which is detrending, differencing and the addition of the two. On the
detrending approach, the method removes the entire underlying trend as seen in
Figure 4.6. On the differencing approach, the method removes underlying seasonal
or cyclical patterns as seen in Figure 4.7. In Figure 4.8, both the approaches are ob-
served on the same plot. From the critical values and test statistic values obtained
per approach, it can be seen that the data was successfully stationarized as the test
statistic values are lower than the critical value. The statistical values obtained per

approach can be found in Table 4.2.
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FIGURE 4.4: Visualizing the FTSE/JSE Top 40 data for any anomalies
or irregular patterns.
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FIGURE 4.5: Checking the stationary test of the FTSE/JSE Top 40 data.
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FIGURE 4.6: Detrending approach to stationarize the FTSE/]SE Top 40
data.
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FIGURE 4.7: Differencing approach to stationarize the FISE/JSE Top
40 data.
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FIGURE 4.8: Detrending and differencing approaches in one plot in
order to stationarize the FTSE/JSE Top 40 data.

Statistical significance | Test Stationary | Detrend | Difference | Detrend + Difference
Test statistic -1,655 -7,826 -2,985 -3,739
P-value 0,455 0,0 0,036 0,004
Critical Value: 1% -3,525 -3,526 -3,546 -3,575
Critical Value:5% -2,903 -2,903 -2,912 -2,924
Critical Value:100% -2,589 -2,589 -2,594 -2,600

TABLE 4.2: Statistical significance

values obtained from the ap-

proaches taken to stationarize the FTSE/JSE Top 40 data

4.2 Forecasting stock prices

4.2.1 Individual Stock Prediction Task using LSTM

Using a LSTM network, the data set consisting of 83 data points should be scaled

tirst for better performance. The data was scaled between 0 and 1 and time steps

of 2 were created. The training data set consists of 62 data points and the testing

set consists of 21 data points. An LSTM layer was added as well as a dropout layer

which prevents overfitting. In terms of optimizing the data, the Adam optimizer

was used. With 100 epochs (see Figure 4.9), the model was compiled. Figure 4.10

was produced after compiling the LSTM.

4.2.2 Node Representation

For node representations, the FTSE/JSE Top 40 companies closing data was used.
The period of the data is from 2019-December-01 to 2020-March-31. The selected
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Training and validation loss vs epochs
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FIGURE 4.9: Training and validation loss versus epochs.

data time frame is due to the start of COVID-19 leading to the first lockdown in
South Africa. The data was first normalized then a t-SNE algorithm was used to
map each of the FTSE/ JSE Top 40 companies on a specific day to a 2 dimensional
space as seen in Figure 4.11.

As each company has a specific branch that it falls under, each branch was as-
signed a value from 1 to the length of the companies, see Table 4.3. Node represen-
tation of the branches of the companies was produced as seen in Figure 4.12.

4.3 Effect of using relation data

In order to investigate the impact of different relationships applied on the data for
stock price predictions, Figure 4.13 and Figure 4.14 were produced with the stan-
dard averaging method and exponential moving average method respectively. Dif-
ferent MSE values were obtained after plotting the prediction of the Top 40 com-

pany returns. As seen in Table 4.4, the exponential moving average had a lower
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FIGURE 4.10: Individual Stock Prediction Task using LSTM on

FTSE/]SE Top 40 data
Company Branch
Anglo American Mining
FirstRand Limited Bank
Discovery Ltd Finance
Exxaro Resources Chemistry
Growth point Prop Ltd Property
Impala Platinum Hlds Holdings
Mr Price Group fashion retail chain
MTN Group Telecommunication
Naspers Media
Shoprite Retail Trade

TABLE 4.3: Branches assigned to the companies in the JSE Top 40

MSE of 0,00081. On Figure 4.14, the prediction is not as badly predicted as the one
on Figure 4.13 but it does not show better prediction of the stock market.
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FIGURE 4.11: A t-SNE map of the FTSE/ JSE Top 40 companies on a
specific day represented on a 2 dimensional space.

Historical Volatility Models Index MSE
Standard Averaging Top40 Companies | 0,00118
Exponential Moving Average | Top40 Companies | 0,00081

TABLE 4.4: Historical volatility models of the indices along with their
mean squared error.

4.4 Forecasting SAVI

4.4.1 Standard Averaging Prediction

The standard averaging prediction method predicts future values as a mean of the
previous values that are observed within a fixed window size. Setting window sizes

of 10, Figure 4.15 was produced.

4.4.2 Exponential Averaging Prediction

The exponential averaging prediction method uses time steps as one step ahead
prediction. Figure 4.16 was produced for the SAVL
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FIGURE 4.12: A t-SNE map of the FTSE/ JSE Top 40 companies from
different branches that each company fall under. The representation of
the map on a specific day is shown on a 2 dimensional space.

The progression of the loss and the mean squared error is shown in Figure 4.17
with error bars. As the average loss decreases, the mean squared errors also de-

crease.

443 LSTM

Using an LSTM network, the data should be scaled first for better performance and
in the case of the SAVI, the data was scaled between 0 and 1 and time steps of 10
were created. An LSTM layer was added as well as dropout layer which prevents
over fitting. In terms of optimizing the data, the Adam optimizer was used. With
100 epochs (see Figure 4.18), the model was compiled. Figure 4.19 was produced
after compiling the LSTM.



dose

dose

08

o7

06

05

04

03

0z

01

00

08

07

06

05

04

03

0z

01

00

26

— True
Prediction

FIGURE 4.13: Standard averaging method applied on a specific day

b 5 20 3 n
company

using Top 40 companies close data.

s

— True
Prediction

e

e
w/\' \w/\ \fw

FIGURE 4.14: Exponential Moving Average method applied on a spe-

10 15 20 5 30
ompany

cific day using Top 40 companies close data.

k]



27

—— True

Prediction
10

08

=
=

Mid Prices

PP, . |

04

02

0.0

o 50 100 150 200 250 300
Date

FIGURE 4.15: Standard Averaging prediction of volatility.
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FIGURE 4.16: Exponential Averaging prediction of volatility.

4.5 Summary

4.5.1 Stock Prices forecasting
Stationarizing the data

In order to forecast FTSE/JSE Top 40, the data had to be processed first. The follow-
ing equation was used to find the differences in FTSE/JSE Top 40:
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FIGURE 4.17: Average loss and mse per epoch.

newClosing — oldClosing
oldClosing

(4.1)

oldclosing = closing price of the recent period

newclosing = closing price of the day before the most recent period

After manipulating the data, the stationarity was tested on the FTSE/JSE Top
40 data and as seen in Figure 4.5, it was observed to not be stationary with rolling
mean and standard deviation changing over time. To confirm its non-stationarity,
the test statistic was found to be greater than the critical values that show the confi-
dence levels.

Three approaches were then implemented on the data. After implementing the
approaches, the FTSE/JSE Top 40 data was then stationarized. A detailed view of
the values is in Table 4.2.
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Training and validation loss vs epochs
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FIGURE 4.18: Training and validation loss versus epochs.

Individual Stock price prediction

Using daily data from 2019-12-01 to 2020-03-31, an LSTM model was compiled and
visualized in Figure 4.10. From Figure 4.10, we can see different behaviours of stock
prices over time, with a drastic fall during the first COVID19 case in South Africa
till the first announcement of the lockdown. However, the model was predicted
with a mean squared error of 0,0156.

Node representation

Node representation was obtained from using the t-SNE algorithm. The compa-
nies were first represented as nodes and further on they were classified according
to their branches found in Table 4.3. As node classification tasks can be classified
as individual stock prediction using company data and their closing values, Figure
4.11 shows poor prediction as the nodes are scattered.



30

SAVI Index Prediction

—_— SAVI] Index
325 1 — Predicted SAVI Index

30.0 1

27.5 1

25.0 1

EAY Index

22.5 1

20.0 1

17.5 A1

Time

FIGURE 4.19: Exponential Averaging prediction of volatility.

Effects of using relation data

The effect of using relation data was explored on a specific window. The standard
averaging approach and the exponential moving average were explored and the
mean squared errors can be found in Table 4.4. However Figure 4.13 and Figure

4.14 showed poorly predicted prices.

4.5.2 Volatility forecasting
Stationarizing the data

In order to forecast SAVI, the data had to be processed first. The following equation
was used to find the differences in SAVI:

newClosing — oldClosing

oldClosing (4.2)
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oldclosing = closing price of the recent period
newclosing = closing price of the day before the most recent period

After manipulating the data, it was tested for stationarity as seen in Figure 4.3.
It was observed to be stationary. To conclude its stationarity, the test statistic was
found to be lower than the critical values that show the confidence levels. A de-

tailed view of the values is in Table 4.1.

Historical volatility models

After stationarizing the data, three historical volatility models were implemented
on the SAVI data with two using one-step ahead prediction averaging. The data
was normalized using window sizes of 10 to ensure as much information can be
extracted from the data as possible. All the models successfully predicted volatility,
however the exponential moving average approach performed better than standard
averaging approach and the LSTM model with a mean squared error of 0,00072, see
Table 4.5.

Historical Volatility Models | Index | MSE
Standard Averaging SAVI | 0,00188
Exponential Moving Average | SAVI | 0,00072
LSTM SAVI | 0,01013

TABLE 4.5: Historical volatility models of the volatility along with
their mean squared error.

4.5.3 Comparing the two forecasts together

In theory, the FTSE/]JSE Top 40 and its volatility have a negative relationship. When
the FTSE/JSE Top 40 increases, the SAVI decreases as it is a ‘fear’ gauging tool of
investors. When fear is high, stock prices decrease as investors take decisions that
will benefit them in the future.
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Given that the two parts utilized data from different time frames, a compari-
son of the two forecasts could not be concluded. However another prediction of
FTSE/JSE Top 40 index was done using SAVI dates (see Figure 4.20). From theory
and from Figure 2.1, the two forecasts have an inverse correlation. In this case, the
dates utilized are from the time there was global crisis, as such stock prices went
down and since it was evident that the whole world is going through financial cri-
sis, there was not much "fear" expressed by the investors since they could have
easily taken quick decisions to save themselves. In that case, there is not much neg-
ative relationship shown between Figure 4.19 and Figure 4.20.

FTSE/JSE Top 40 Index Prediction
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— FTSE/SE Top 40 Index

30000 1 —— Predicted FTSE/|SE Top 40 Index
29000 1
28000 -
27000 -

26000 1
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25000 1

24000 A

23000 -

Time

FIGURE 4.20: Forecasting of FISE/ JSE Top 40 index using the date
ranges that produced Figure 4.19
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Chapter 5

Conclusions and Future Work

The main aim of the study is to develop a model that focuses on the South African
Top 40 listed companies on the JSE in order to predict stock prices. As the prediction
method requires relational data, the FTSE/JSE Top 40 data and Top 40 constituents
will be the data sets in the research. In order to implement a graph classification
algorithm, a hierarchical attention network was implemented. Further, an LSTM
model was implemented to assist in this process. In order to implement a hierar-
chical attention network, node representations of the relation data were required.
With different relationships in the data, the effect of using multiple relations in the
stock price prediction was studied and from Figure 4.14, poor prediction of stock
prices was obtained. As such a hierarchical attention network was not suitable for
further analysis.

The objective of the study was to achieve a graph structured model that can
forecast South African stock prices. There are quite a number of studies that only fo-
cused on node classifications (Chaudhuri and Ghosh (2016),Harrilall and Seetharam
(2016),Ibrahim and Ramu (2016),Min (2020)) which are individual stock price pre-
dictions and few on graph classifications (Kim et al. (2019),Li et al. (2020)). Focusing
on the Top 40 listed firms in the South African market, the results contribute to the
literature in South Africa and abroad in terms of how the FTSE/JSE Top 40 index

can be graph structured along with its relational data.

In the study, a graph structured model was not achieved, however nodes were
represented using the t-SNE algorithm which visualized the FTSE/]JSE Top 40 com-

panies, as seen in Figure 4.11. The nodes are shown to be scattered but when the
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companies are classified into specific branches shown in Table 4.3, a better cluster-
ing of node representations is obtained, as seen in Figure 4.12. As node representa-
tions is more like individual stock predictions, Figure 4.12 shows that there can be
a group of clusters in the same branch that are found in any time phase. This shows
that the prices of stocks from the same branch do not necessarily reflect same di-
rection of the stock movement. Just like what Kim et al. (2019) obtained. For better
results the data was divided into training data and testing data that are divided into
three classes of upward, neutral and downward movement. For all the data to have
meaningful value and contribution, the data sets were divided in window sizes. In
terms of evaluation of the results, the data was normalized, optimized and hyper
parameters were tuned to a certain range. The performance was measured based
on each period’s mean squared errors. (Kim et al., 2019). The data was divided
into training and testing data. It was normalized and divided into window sizes.
Using the LSTM model for individual stock prediction, Figure 4.10 shows a better
prediction with MSE of 0,0156. From the plots we do see that with high volatility,
there are dramatic falls in the stock market.

It has been seen from previous research studies that the SAVI is generally not
predictable. With the significance of this index in the market space, there is both a
practical need and economic need to forecast it. With the different methods used
by Harrilall and Seetharam (2016), this particular study incorporated the SAVI in
forecasting volatility. With the data being stationary, the forecasting of volatility
was implemented through SA, EMA and LSTM approaches. From Table 4.5, EMA
forecasted volatility better. From theory, like in Figure 2.1, the FTSE/JSE Top 40 in-
dex and its volatility have an inverse relationship towards each other. In the study,
the last aim was fully concluded after FTSE/JSE Top 40 index was forecasted in the
same time frame as SAVI and not much negative relationship was shown, however

an inverse proportion relationship was expected.

5.1 Future Work

For future studies HATS will be implementable as it only gathers information from
useful relations only. As the relational data needs to be re-evaluated where a feature
selection technique will be applied to obtain attention scores the GNN was not able
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to be taken further at this stage hence no injective functions were used. Graph clas-
sification is interesting to explore in finance and with fewer studies on it, there is
scope. With difficulties experienced in forecasting the SAVI, more theoretical mod-
els are needed to solve this puzzle.
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