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Abstract

In this study, we conducted a comparative study on the volatility forecasting models focus-

ing on the asymmetric GARCH models and the Artificial Neural Networks. The study focused

on the Nairobi Securities Exchange and used the daily data from the NSE-20 Share Index for

a period between January 2012 - February 2021. We took advantage of the year 2020 to in-

vestigate whether the models are still effective or they break during a period of turbulence.The

parameters of the asymmetric GARCH models were estimated using Maximium Likelihood Es-

timation(MLE). The asymmetric GARCH models, namely the EGARCH and GJR-GARCH mod-

els were compared using AIC and BIC to determine the model with the best fit when it comes

to modelling and based on the results of the AIC and BIC, the EGARCH was the better model.

The study then compared the forecasting ability of the asymmetric GARCH models to that of

the Artificial Neural Networks in terms of the standard deviations as a measure of the actual

volatility to determine the better model. The RMSE and MAE measures were used to evaluate

the forecasting abilities of the models and based on the results of the RMSE and MAE from

the study, the Artificial Neural Networks outperformed the asymmetric GARCH models when

it comes to forecasting.
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1 Introduction

1.1 Background of the Study

1.1.1 Market Volatility

Measuring and predicting stock market volatility has received growing attention from both aca-

demics and practitioners over the last years. Market volatility tries to explain the uncertainties of

the financial market based on the changes in the values of the securities. It is measured by the

standard deviation, which measures the variability around an average. The larger the standard de-

viation, the higher the volatility, and vice versa. Volatility forecasting is crucial in risk management,

asset valuation and investment management for investors and financial market participants. For

this reason this area has attracted a lot of research in order to identify good models that are able to

predict volatility.

GARCH models are popular in literature when it comes to forecasting volatility because the model

is able to capture time-varying volatility. The problem with the standard GARCH model is that it

may not predict the distributions effectively and this is because the relationship between the cur-

rent and previous variance may not be linear. The asymmetric GARCH models have since been

developed so as to capture the asymmetries in volatility that the standard GARCH model was not

able to capture.

The GARCH models have underlying assumptions such as normality on error distributions. Arti-

ficial Neural Networks have been developed to predict and define relationship between variables

without relying so much on such assumptions. Artificial Neural Network have the capability of

learning and modelling non-linear and complex relationships which is important.

This study will focus on the assymetric GARCH models and the Artificial Neural Networks where

we will compare the forecasting ability of the assymetric GARCH models and the Artificial Neural

Networks and examine which model is a better fit at forecasting volatility.

1.1.2 Overview of the Nairobi Securities Exchange

The Nairobi Securities Exchange which was formerly known as the Nairobi Stock Exchange was

registered as a voluntary association of stockbrokers in 1954 under the Societies Act and was re-

sponsible for developing the securities market and regulating trading activities. The three main

types of indices in the NSE market are;

1. NSE 20-Share Index which is designed to represent the geometric mean prices of the top 20

companies listed in the NSE.
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2. NSE 25-Share Index which is designed to represent the performance of Kenyan companies

listed in the NSE.

3. NSE All Share Index which is designed to represent all companies listed in the NSE, therefore

being an overall indicator of the markets performance.

The NSE also plays an important role in the growth of Kenya’s economy as it encourages savings

and investments.

1.2 Problem Statement

Forecasting of market volatility is crucial in the financial markets as it is important in the areas of

risk management, pricing, and among others. It is therefore necessary to identify a model that is

efficient and approximate at forecasting the market volatility. The research available in the Kenyan

market is limited. Research has been done to investigate whether there are stylized facts in the

Kenyan market. However, their is limited evidence in the models used when forecasting volatility.

For instance whether the asymmetric GARCH model is a better model compared to the symmetric

model and also the use of the neural networks techniques in stock market volatility forecasting.

This research will try to fill the literature gap on the asymmetric GARCH models and the Neural

Networks techniques as well as investigate which of the models can accurately forecast volatility.

1.3 Objectives

The main objective of the study is to forecast stock market volatility at the Nairobi Securities Ex-

change. Some of the specific objectives of the study will include;

1. To investigate the best fit asymmetric GARCH model.

2. To perform a comparative analysis between the best fit asymmetric GARCH model and the

Artificial Neural Networks.

1.4 Significance of the Study

The study will;

• Illustrate which model is more accurate at forecasting the stock market volatility and this

will be beneficial to the financial market players.

• Contribute to the limited literature available for forecasting stock volatility in emerging and

developing markets.
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2 Literature Review

2.1 Introduction

The efficient market hypothesis is closely associated with Fama[20] when he stated that a market

in which the security prices "fully reflect" all available information is an "efficient market" which

implies that the successive price changes are independent and identically distributed. The notion

that the market is efficient is associated with a random walk where new information reflects ran-

domly on the current stock price which will ultimately have an effect on the future stock price.

Fama[20] also categorized the efficient market hypothesis into three tests; weak form test which

studies information of historical prices, semi-strong form test which studies the speed of price

adjustment to publicly available information, and strong form test which studies monopolistic ac-

cess to information about prices. From this he notes that there is no important evidence against

the weak and semi-strong form, and only limited evidence against the strong form.

According to Thompson and Ward [28], econometric models have been used before when testing

the efficient market hypothesis and since some of the models test for dependency of the share

prices, it invalidates the efficient market hypothesis.

Fama [12] showed that financial time series are known to display stylized facts which are critical

to model estimation and forecasting. Sewell [27] defines stylized fact as a term in economics used

to refer to empirical findings that are so consistent across markets that they are accepted as truth.

To get reliable future forecasts of volatility, it is necessary to account for stylized facts. Examples

of the stylized facts include; volatility clustering, fat-tails, leverage effects, long memory, skewness

and leptokurtic.

2.2 Empirical Evidence

2.2.1 GARCH models

Engle [11] noted the importance of modelling time-varying second-order moments and he pro-

posed a model where the variance depended on past realizations; the ARCH model which recog-

nized the difference between conditional and unconditional variance, and allowed the conditional

variance to change overtime as a function of past errors [7] . Bollerslev [7] noted that the ARCH

model, in taking account of the long memory had a declining lag structure in the conditional vari-

ance and because of this he modified the ARCH model to GARCH model by allowing a flexible lag

structure.

Forecasting market volatility has attracted a lot of research and for this reason there has been many
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applications of the GARCH models.

Akgiray [1] presented new evidence on the time-series behavior of stock prices using US stock data

and found that forecasts done using the GARCH model were found to be superior.

Tse’s [29] study on forecasting volatility in the Tokyo exchange market compared three models.

Two of them being the GARCH model and the EWMA model. The study concluded that the EWMA

model was more accurate than the GARCH model. Kuen and Hoong [18] had a similar study in

the Singapore stock market and also concluded that the EWMA model outperformed the GARCH

model.

Awartani et. al [6] predicted the volatility of the S& P-500 stock index via GARCH models and from

their study, the asymmetric GARCH model performed better than the symmetric GARCH mod-

els. Alberg, Shaliti and Yosef [3] validated this when they estimated stock market volatility using

asymmetric GARCH models and concluded that the asymmetric GARCH model outperformed the

symmetric GARCH models. Different studies have since been done to compare the GARCH model

with the asymmetric GARCH models and the studies found that the asymmetric GARCH models

outperformed the GARCH model.

Gokcan [13] states that stock market return displays skewed distribution which the liner GARCH

model is not able to manage. Gokcan’s [13] study was focused on forecasting volatility of emerging

stock market and compared both the linear and non-linear GARCH models. The study concluded

that in emerging markets, the linear model outperformed the non-linear model despite the stock

market return displaying skewed distribution.

Alagidede, P., and Panagiotidis [2] modelled stock returns in Africa’s emerging markets and from

their study, they tested and rejected the random walk hypothesis. The study used GARCH, GARCH-

M and EGARCH-M to model conditional variance and found that volatility clustering, leptokurto-

sis and leverage effects were present in the African stock index returns. Their study also noted that

there was not enough evidence to reject the weak form efficiency in these markets.

Omar [25] studied GARCH modeling in monthly foreign exchange and share prices for specific

companies in Kenya and noted that GARCH(1,1) successfully captures volatility clustering and

can be modified to allow other stylized facts. Korir [17] validates this in her research where she

concluded that the GARCH(1,1) fully captures the stylized characteristics of financial time series.

Ogum et. al [24] investigated the emerging equity market volatility in the Kenyan and Nigerian

markets using the EGARCH model. They found that the asymmetric volatility found in the U.S and

other developed countries was also identified in the Nigerian Stock Market however, the asymmet-

ric volatility in the Kenyan market was positive indicating that positive shocks in the market had

more impact on the volatility as opposed to negative shocks of the same magnitude.

14



Maqsood et. al [21] modeled stock market volatility at the Nairobi Securities Exchange using

GARCH models and concluded that the asymmetric models performed better than the symmetric

models.

2.2.2 Artificial Neural Networks

John McCarthy coined the term artificial intelligence in 1955 which is about creating machines

that demonstrate the intelligence that is usually displayed by humans [16]. There are different

branches in artificial intelligence namely; machine learning, neural networks, robotics, fuzzy logic,

expert systems and natural language processing.

Dixon et. al [9] in there book stated that machine learning can be viewed as a highly efficient

data compression technique designed to provide predictors in complex settings where relations

between input and output variables are non-linear and input space is often high-dimensional. In

addition they stated that machine learning tries to balance filtering data with the goal of making

accurate and robust decisions, often discrete and as a categorical function of input data. Dixon

et. al [9] noted that this differs from maximum likelihood estimators used in standard statistical

models, which assumes that the data was generated by the model and typically have difficulty with

over-fitting, especially when applied to high-dimensional datasets.

The study will focus on the neural networks which is a set of algorithms that are used to find the

elemental relationships across the bunches of data via the process that imitates the human brain

operating process. A neuron is a mathematical function that gathers and classifies information

according to a particular structure and implements various techniques to accomplish a task. It

has been used in market research, risk analysis, stock market prediction among others [23].

Neural Networks are valuable in forecasting because; they are capable of performing nonlinear

modeling without priori knowledge of the relationship between input and output variables, and it

can generalize making it a more general and flexible modeling tool for forecasting [31]. In addition,

many researchers have combined the neural networks with the GARCH models in their forecasting

volatility study. [22] [30]

Donaldson and Kamstra [10]investigated the usefulness of a semi-nonparametric GARCH model

to capture nonlinear relationships, their study evaluated its ability to forecast stock return volatil-

ity in London, New York, Tokyo and Toronto. Based on their results they concluded that the ANN

model performs better than all the other model.
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Atsalakis and Valavanis [5] surveyed stock market forecasting techniques with a focus on soft com-

puting techniques. They surveyed 100 different published articles that applied the neural networks

and neuro-fuzzy models in forecasting. From the articles surveyed, the study noted that the the

models are suitable for stock market forecasting and that they outperformed the conventional

models. Maciel et. al [19] analyzed neural networks for financial time series forecasting and com-

pared it to the traditional GARCH models. Their study focused on the North American, European

and Brazilian stock market and they concluded that the neural networks performed better than

the GARCH models.

Bucci’s [8] study focused on realized volatility forecasting using neural networks and concluded

that the neural networks outperformed the traditional econometric methods. Arneric et. al [4]

also compared the performance of the GARCH model to the Neural Networks and found that the

Neural Networks performed better than the GARCH model. Harrilall [14] study focused on the

South African stock market and found that neural networks had superior forecasting abilities as

compared to the traditional forecasting models.

16



3 Methodology

3.1 Data Collection

The study will use secondary data from the Nairobi Securities Exchange. The daily data from the

NSE 20 share index will be used in the study from January 2012-March 2019 to calibrate the models

while the data from April 2019-February 2021 will be used for out of sample testing.

3.2 Data Analysis

The basic assumption in time series is that the underlying series is stationary in nature. The

test for stationarity of the series under consideration will be done using the Augmented Dickey

Fuller(ADF) test statistics. Pre-testing will be done on the data to test for normality using the

Jacque-Bera test as the efficient market hypothesis implies that returns are normally distributed

with zero skewness and a kurtosis of three.

The study will focus on two models for the analysis namely the asymmetrical GARCH models, and

the Neural Networks technique for the purpose of evaluating the forecasting ability of the differ-

ent models and later on compare the accuracy of the methods used. For the asymmetric GARCH

models, the study will focus on the EGARCH and GJR-GARCH model.

3.2.1 Augmented Dickey Fuller Test

The Dickey Fuller test is a unit root test that tests the ∞ coefficient of the first lag of Y. The equation

is as shown below,

yt = µ+Æt +∞yt°1 +¡1¢yt°1 +≤t . (1)

The Augmented Dickey Fuller test expands the Dickey-Fuller test by including higher regressive

process in the model.

yt = µ+Æt +∞yt°1 +¡1¢yt°1 +¡2¢yt°2 + .....+¡p°1¢yt°p+1 +≤t , (2)

where µ is a constant,Æ is the coefficient on a time trend and p is the lag order of the autoregressive

process. This test is supposed to test the null hypothesis that a unit root is present in a time series

data sample that is ∞= 0 and the alternative hypothesis is that ∞< 0. A unit root is a characteristic

of time series that makes it non-stationary. The test statistic is computed and if the test statistic is

less than the critical value at a confidence interval then the null hypothesis is rejected.
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3.2.2 Jacque-Bera Test

The Jacque-Bera test is used to test for normality. Its a goodness of fit test to test whether the

skewness and kurtosis of the data matches that of normal distribution.The test statistic of Jacque-

Bera test is

JB = n
6

µ
S2 + 1

4
(K °3)2

∂
, (3)

where n is the number of observations, S is the sample skewness and K is the sample Kurtosis.

The test is supposed to test the null hypothesis that the skewness of the data is zero and kurtosis of

the data is also zero which is similar to a kurtosis of 3. Any deviation of this increases the Jacque-

Bera statistic and thus rejecting the null hypotheis and concluding that the error terms are not

normally distributed.

3.3 The Models

3.3.1 EGARCH Model

The Exponential Generalized Autoregressive Conditional Heteroscedasticity was developed by Nel-

son 1991 to capture the asymmetries in volatility. The natural logarithm of the condition variance

is allowed to vary over time as a function of the lagged error terms rather than lagged squared

errors. EGARCH(p,q) is specified as

lnæ2
t =!+

pX

j=1
Æ j

ØØØØ
ut° jq
æ2

t° j

ØØØØ+
pX

j=1
∞ j

ut° jq
æ2

t° j

+
qX

i=1
Øi lnæ2

t°i , (4)

The lnæ2
t makes the leverage effect exponential rather than quadratic and this ensures that the

estimates are non-negative. ! is a constant, Æ represents the ARCH effects, ∞ the asymmetric

effects and Ø the GARCH effects.

The parameter ∞ is important when testing for asymmetries and the hypothesis is that if ∞ j > 0

then positive shocks generates higher volatility than negative shocks and vice versa whereas if

∞ j = 0 then the model is symmetric.

3.3.2 GJR-GARCH Model

The GJR-GARCH model was introduced by Glosten, Jagannathan and Runkle 1993 with the aim of

capturing asymmetries in terms of negative and positive shocks. A multiplicative dummy variable

is added into the variance equation to check whether there is statistically significant difference
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when shocks are negative. Unlike the EGARCH, the effect is captured in a linear manner.

æ2 =!+
pX

i=1
Æi u2

t°i +
qX

j=1
Ø jæ

2
t° j +

pX

i=1
∞i u2

t°i It°i , (5)

where if ut°i > 0

It°i = 1 , (6)

otherwise

It°i = 0 , (7)

∞ is the asymmetry or leverage term. If it is significant and positive, then negative shocks will have

larger effects on æ2 than positive shocks. The condition for no negativity will be !> 0,Æ> 0,Ø∏ 0,

and Æ+∞∏ 0. That is, the model is still admissible, even if ∞< 0, provided that Æ+∞∏ 0.

3.3.3 Neural Networks Technique

Neural Networks uses a non-parametric method of forecasting meaning that the underlying non-

linear function is not prescribed and therefore the model is not limited to a restrictive list of non-

linear functions. The most popular ANN has been the single-layer feed forward. In the FNN, in-

formation which is suitably weighted, is passed from a point of entry to a further layer of hidden

neurons which is also assigned a weight, and finally reaches the output layer which represents the

forecast. Let pt , t = 1,2,3, ..... be the daily stock price. The daily returns are then computed by

rt = log(pt )° log(pt°1). The output y of a single layer FNN is then given by

yt = S
∑

a0 +
aX

i=1
ai .gt ,i

∏
, (8)

where

gt ,i =G(bi 0 +
nX

j=1
bi j rt° j +

pX

k=0
Ci k¢

1
2
t°k ), (i = 1,2, ......q) , (9)

Function G and S use the tan-sigmoid function and the purelin function respectively. The tan-

sigmoid functiona normalizes the values of each neuron to be in the interval (-1,+1) while the

linear output layer lets the network produce values outside the range. Under the error back-

propagation method, the neural network runs through all the input data over an initial “training”

period and produces a list of outputs. The weights are then re-valuated using a recursive “gradient”

descent method, so that the mean-squared error between the observed output and the predicted

one is minimized.
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The trained neural network is then applied over a different data set which is the “validation” pe-

riod. This is done in order to evaluate the ability of the trained network to avoid over-fitting. In

order to capture dynamics, the FNN includes lagged variables as explanatory variables. This prob-

lem is being addressed by the Recurrent Neural Networks which is a network with feedbacks from

the hidden neurons, g , to the input layer with delay.

The RNN memorize this information since its output depends on both current and prior inputs.We

will focus on the RNN with a single hidden layer and feedback connection from the output of the

hidden layer to its input. Therefore in a RNN model equation (7) can be re-written as

gt ,i =G(bi 0 +
nX

j=1
bi j rt° j +

pX

k=0
Ci k¢

1
2
t°k +

mX

l=1
±i l gl ,t°1, (i = 1,2, ......q) , (10)

With back substitution it can be shown that the output yt depends on the entire history of the in-

puts r and ¢h
1
2 .

The study will use the RNN model with LSTM(Long-Short Term Memory) technique. The LSTM

model was introduced by Hochreiter and Schmidhuber [15] and functions through the use of op-

erators that limit the follow of information in long sequences. The LSTMs have a separate cell

memory Ct , in addition to a hidden state ht . The cell memory is updated to include a forget gate,

Æ̂t , input gate ẑt and cell gate ĉt

ct = Æ̂t ct°1 + ẑt ĉt , (11)

According to [9],when the forget gate Æ̂t = 0, then the cell memory depends solely on the cell

memory gate update ĉt . By the term Æ̂t ct°1, the cell memory has long-term memory which is only

forgotten beyond lag s if ˆÆt°s = 0.

The hidden state ht is defined by the following equation

ht = r̂ tanh(c)t , (12)

If r̂ t = 0 then the hidden state is reset otherwise if r̂ t = 1 then the cell memory is determined by the

hidden state.
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3.4 Parameter Estimation

The parameters of the GARCH model will be estimated using the maximum likelihood method

using the student t likelihoods. The parameter values are found such that they maximise the like-

lihood that the process described by the model produced the data that were actually observed.

The study will then use the AIC and BIC to select the model with the best fit. The study used both

AIC and BIC because AIC is better in situations when a false negative finding would be considered

more misleading than a false positive, and BIC is better in situations where a false positive is as

misleading as, or more misleading than, a false negative.

3.5 Simulation

The parameters estimated will be used to simulate the model using data from January 2017-Decemeber

2020. The forecasting ability of the models will be judged on the basis of root mean square er-

ror(RMSE) and Mean Absolute Error(MAE).

The forecasts obtained from the assymetric GARCH models and the Neural Networks will be com-

pared in terms of the standard deviation as a measure of the actual volatility and the results will

show which model provides better volatility forecasts.
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4 Data Analysis, Results and Discussions

4.1 Data Description

In this study, daily NSE20 share index data was used. The data obtained was from the Nairobi Secu-

rities Exchange website and it is for the period ranging between 3rd January 2012 to 22nd February

2021, a total of 2,273 observations.

4.2 Data Analysis

In the study we used the return term defined as follows

rt = l og
µ

Pt

Pt°1

∂
,

where Pt is the price and rt is the return.

The descriptive analysis of the data is described in Table 1 below;

Variables Count Mean Std.Dev Min Max Skewness Kurtosis

Pt 2272 3661.3526 1007.5358 1723.9600 5499.6400 -0.1208 -0.9298

rt 2272 -0.0236 0.7226 -8.6022 8.6344 -0.3755 21.8080

Table 1: Summary statistics of NSE 20 Share Index between January 2012-February 2021.

Table 1 above shows that the NSE 20 Share Index price achieved a high value of 5499.64 and a low

value of 1723.96. The skewness of both the share index price and the return are non-zero and neg-

ative which indicates that it is not normally distributed and skewed to the left. The kurtosis of the

share index price is less than 3 which indicates that it has a platykurtic distribution meaning that

it has thinner tails than a normal distribution whereas that of the share index return is more than

three which indicates that it has a leptokurtic distribution meaning that it has thicker tails than a

normal distribution.

Studying the graphical representation of the share index price shown in Figure 1 for the period

covered, we notice a persistent increase in price since 2012 to early 2015 followed by a persistent

decrease until 2017, then an increase in price from 2017 to 2018 and then a persistent decrease

since 2018 to early 2021.The highest price of the share index for the period covered was observed

in 2015.
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Figure 1: NSE20 Daily Prices

A series of daily returns was calculated from the daily prices of the share index. It can be observed

from Figure 2 below, that the highest volatility was observed in 2014. In order to identify the unique

characteristics of the share index, we plot a histogram of the daily returns as shown in Figure 3. The

histogram shows that the returns of the share index for the period covered is slightly skewed to the

left.

Figure 2: NSE20 Daily Returns
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Figure 3: Histogram of Daily Returns

4.2.1 Results of Normality test

The Jarque-Bera test of goodness of fit to the normal distribution was used in this study. It tests

whether the data has a skewness or kurtosis matching that of a normal distribution. The results

for the Jarque-Bera test for the share index daily returns is shown in Table 2 below. Since the test

statistic is far from zero, we reject the null hypotheis therefore concluding that the daily returns

are not normally distributed.

Variable Test-Statistic P-Value

Jarque-Bera 44866.9458 0.0

Table 2: Jarque-Bera Test for Normality

4.2.2 Results of Stationarity test

After rejecting normality of the daily returns, this indicates that there may be presence of trend in

the data and hence the test of stationarity was conducted using the Augmented Dickey Fuller test.

The results of the stationarity test is summarized in Table 3 below.
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T-Statistics P-Value

Augmented-Dickey Fuller Test-Statistic -19.811 0.0

Test Critical Values 1% -3.4332

5% -2.8628

10% -2.5674

Table 3: Augmented-Dickey Fuller Test for Stationarity

The null hypothesis when testing for stationarity is that a unit root is present in the time series

data which is a characteristic that makes it non-stationary. Since the test statistic is less than the

critical values at 1%, 5% and 10% confidence interval, then we rejected the null hypothesis and

concluded that the dataset is stationary.

4.3 Empirical Results

4.3.1 Asymmetric GARCH Models

The study focused on two asymmetric GARCH models namely, the EGARCH models and the GJR-

GARCH model. The EGARCH model was used on the daily returns of the NSE20 share index to

capture the asymmetries in volatility and ensure that the estimates are non-negative. The GJR-

GARCH on the other hand was used to test for leverage effect and the relationship between the

stock market return and volatility. The summary of the results is as shown below in Table 4

Parameter\ Model EGARCH GJR-GARCH

! -0.2655 0.1657

Æ 0.4138 0.2968

∞ -0.0133 -0.0237

Ø 0.7210 0.3158

AIC 3243.21 3250.38

BIC 3276.24 3283.41

Log-likelihood -1615.60 -1619.19

Table 4: Parameter Estimation Results

The leverage effect is denoted by ∞. It is negative and statistically significant for the EGARCH

model, therefore the null hypothesis is rejected which means that the negative shocks will generate
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higher volatility than positive shocks. For the GJR-GARCH, the ∞ is also negative and statistically

significant. However based on the conditions for no negativity, then we conclude that the leverage

effect for the GJR-GARCH model is positive and statistically significant hence the null hypothesis

is accepted meaning that negative shocks will have larger effects on æ2 than positive shocks, that

is the higher the volatility at the NSE the lower the returns.

In order to compare the model with the best fit, the study used the AIC and BIC measures. Figure

4 and 5 show a graphical representation of the modelled results.

Figure 4: NSE 20 Daily Returns with EGARCH and GJR-GARCH Volatility

Figure 5: Daily Volatility Comparison with EGARCH and GJR-GARCH Volatility
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Both EGARCH and GJR-GARCH are good at fitting the actual data. However, the EGARCH is a

better model at fitting the actual data as it has a lower AIC and BIC value.

4.3.2 Artificial Neural Network Analysis

For this study, the Recurrent Neural Network was used because of its recurrent characteristics

which works better at predicting time series than any other machine learning algorithm. The data

was divided into 80% train and 20% test. From a total of 2,273 observations, 1,818 observations

was used as a training set and 455 observations was used as a testing set. For our training data set

of 1,818 observations, the model predicted the 1,819 observations and included it in the training

dataset while simultaneously excluding the first data point in order to predict the 1,820 observa-

tion. This process continued until all the observations in the testing data set was met. The actual

values in the testing dataset was then compared to the predicted values to validate the accuracy of

the model.

After splitting the data to train and test ,the data was then scaled using the MinMaxScaler in order

to train the data. The model was then configured with the number of neurons and timestamps.For

optimization, the Adam optimizer was used and it performs gradient descent via backproparga-

tion through time. This was to allow for quicker convergence at the cost of time. The MAE was

used as a loss function to minimize the difference between the actual values and the predicted

values.

Figure 6 and 8 below shows a graphical representation of the training data, the test predictions and

the actual out of sample data.

Figure 6: NSE20 Daily Returns-ANN Predictions
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Figure 7: NSE20 Daily Returns-ANN Predictions Close-Up

Figure 8: NSE20 Daily Volatility-ANN Predictions
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Figure 9: NSE20 Daily Volatility-ANN Predictions Close-Up

4.3.3 Forecast Evaluation

In addition to modelling volatility, the other objective of the study was to forecast volatility and

compare which model is best at forecasting volatility between the EGARCH, GJR-GARCH and the

Artificial Neural Networks. In order to identify the best model, the study used the MAE and RMSE

measures.

The RMSE is the square root of the variance of the residual and it indicates how close the observed

data points are to the model’s predicted values. The MAE measures the average magnitude of the

errors in a set of predictions, without considering their direction.

Model MAE RMSE

EGARCH 0.4714 0.0334

GJR-GARCH 0.5124 0.0422

Aritificial Neural Networks 0.0054 0.0003

Table 5: Forecast Evaluation

The lower the value the MAE and RMSE the better the model is at forecasting. Based on the results

in Table 5 above, the Artificial Neural Networks is the best model of the three when it come to

forecasting as it has the lowest MAE and RMSE.
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5 Summary, Conclusion and Suggestion for Further Research

5.1 Summary

The study analyzed the volatility at the NSE using the NSE 20 Share Index from 3rd January 2012 to

22nd February 2021. The daily returns of the prices was calculated using log
µ

Pt
Pt°1

∂
. Various market

efficiency tests such as the Augmented-Dickey Fuller test and Jarque-Bera test was then used to

test for stationarity and normal distribution of the daily returns for the share index for the period

under observation. The asymmetric GARCH models used in the study were the EGARCH and the

GJR-GARCH model and the results were compared to that of the Artificial Neural Networks.

From the empirical results, the NSE 20 Share Index for the period under observation has fat tails

and is skewed to the left therefore it is not normally distributed, the returns were also stationary

and therefore we can conclude that the returns are mean-reverting in their first differencing form.

Following the results from the parameter estimation of the EGARCH and GJR-GARCH models, the

ARCH coefficients are positive and statistically significant which implied the volatility clustering

and persistence of the market. For the EGARCH, the results showed that the market reacted dif-

ferently to positive and negative shocks of the same magnitude whereas for the GJR-GARCH, the

leverage effect was detected which implies that the higher the volatilty, the lower the returns. The

two asymmetric GARCH models were compared using AIC and BIC to select the model with the

best fit and the results showed that the EGARCH model was a better fit compared to the GJR-

GARCH model as it had a lower AIC and BIC value.

For the Artificial Neural Networks, the model was trained using tensorflow in python. The study

used the Recurrent Neural Network with the Long Short Term Memory Technique. The model was

trained and predicted values were generated. The predicted values were then compared with the

out of sample data and using RMSE, MAE and MSE, the forecasting ability of the Neural Networks

was compared to that of the EGARCH and the GJR-GARCH model and based on the results of the

RMSE and MAE the Neural Networks outperformed both the EGARCH and the GJR-GARCH mod-

els.

The main limitation of the study was the explainability of the neural networks because it contains

many hidden layers of nodes that can be trained to identify and exploit extremely complex rela-

tionships in data. Since this process is not easily interpretable then it becomes difficult to explain

how the predictions were made. In order for decision-makers to trust a model they need to un-

derstand and support how the model makes decisions and this can be challenging if there is no

explanation on how these decisions were made.
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5.2 Conclusion and Suggestion for Further Research

This main objective of the study was to forecast stock market volatility at the NSE and a number

of conclusions can be drawn from the results of the data. First, the stylized facts of the financial

time series data such as leptokurtosis, volatility clustering, volatility persistence and leverage ef-

fect was detected. It is necessary to account for stylized facts in order to get reliable future forecasts

of volatility. Secondly, for the asymmetric GARCH models the EGARCH model was a better fit at

parameter estimation compared to the GJR-GARCH. Lastly, when it comes to forecasting volatil-

ity, based on the results we conclude that the Artificial Neural Networks outperforms both the

EGARCH and GJR-GARCH models.

Rojat, Thomas, et al. [26] stated that although a lot of work has been done on explainability in the

computer vision and natural language processing fields, there is still a lot of work to be done to

explain methods applied on time series. Further research can be done on Explainable Artificial

Intelligence methods to try and solve the limitations of the explainability of the Neural Networks

by using the Layer-wise Relevance Propagation technique. This will increase the trust in machine

learning models and improve the overall troubleshooting. Since this study focused on the techni-

cal analysis when modelling and forecasting volatility as it focused on the movement of the stock

market return given historical data, further research can also be done to incorporate fundamental

analysis which can help the investor to determine the intrinsic value of the stock given the techni-

cal analysis.
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