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ABSTRACT

e . | The main objective of this study was to predict inflation rates in Ghana using standard
Purpose/Objective - econometric methods such as linear multivariate OLS regression, and the machine
learning algorithms of Artificial neural networks and support vector machines, and to
ascertain which of these methods best predicts these variables.

The study utilised an objectivist ontological paradigm, a positivist epistemological
viewpoint, and sound axiological (ethical) principles in collecting the data used for the
analysis. A computer-based experimental, quantitative approach employing time-
- - series data was designed and implemented using Gretl, IBM SPSS Statistics, IBM
Paradigm/Design/ SPSS Modeller, and MATLAB software. The data set was partitioned into 50%
- training, 25% testing, and 25% validation and applied the OLS regression, Artificial
Methodology/Approach Neural Network, and support vector machine models for predicting inflation rates in
Ghana. The time-series data employed in the analysis was secondary in nature,
spanning the period 1960 to 2019, and was collected from the websites of the Ministry
of Finance (MoF), Ghana Statistical Services (GSS), African Development Bank
(AfDB), Bank of Ghana (BoG), and the World Bank Development Indicators (WDI) for
the dependent macro-economic variable of inflation rates, and all the independent
variables employed in predicting of inflation rates in Ghana.

The model training, testing, and validation experimental results from the Linear OLS,
1 NARX ANN and SVM results reveal that current and past (one-year lagged values) of
Findings - the output gap, rainfall, and money supply are the most important predictors of

1 inflation rates in Ghana. Concerning the predictive ability of the models, the fine
Gaussian SVM model performed better than the cubic SVM kernel, NARX ANN, and
Linear OLS regression models in predicting inflation rates in Ghana in the training,
testing, and validation data.

The main value of this study is the identification of the determinants of inflation rates
in Ghana. Additionally, the study brings to the bear the superior predictive ability of
Originality/Value the fine Gaussian SVM model in forecasting Ghana’s inflation rates better than the
cubic SVM kernel, NARX ANN, and Linear OLS regression models in predicting
inflation rates in Ghana in the training, testing, and validation data.
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1.INTRODUCTION

1.1 Background of the Study

Comprehending the quintessence of the affiliation of macro-economic variables is very decisive to
efficient and successful economic decision-making (Asamoah, 2013; Hoti, McAleer & Pauwels,
2008; Wen et al., 2010) [10, 33, 731. However, the highly volatile nature of macro-economic variables
makes accurate predictions of macro-economic data very challenging for analysis (Asamoah, 2013;
Kampouridis, Alsheddy, & Tsang, 2013). [10, 36].

A very substantial macro-economic variable that is often pursued by many countries’ central banks
for forecasting purposes is inflation. Inflation is illustrated as an unrelenting rise in the general
price of goods and services in the economy over time (Barro & Grilli, 1994). [12]. As the universal
price level increases, each currency unit consumes fewer goods and services; as a result, inflation
exemplifies a diminution of buying power per unit of capital - a loss in economic interest in the
medium and unit of account of the economy (Walgenbach, Dittrich & Hanson, 1973). [721.

Inflation crashes economies in a multiplicity of positive and negative configurations. The negative
corollaries of inflation incorporate an escalation in the potential cost of keeping money,
speculation about possible inflation that could deter spending and savings, and if inflation is
astronomical enough, deficiencies of commodities as customers continue to hoard out of fear that
costs will intensify in the future. Positive consequences include rising unemployment due to
nominal wage rigidity, giving the Central Bank more leeway to implement monetary policy,
disseminating loans and investment instead of capital hoarding, and eliminating deflation-related
inefficiencies (Barro & Grilli, 1994). [12].

As inflation impacts the domestic economy, price stabilization is an archetypal intent of monetary
policy (Hadrat, Nunoo & Sarkodie, 2015). [29]. And to deliver such a mandate, policymakers ought
to be forward-looking. This calls for the monetary authorities to have a strapping inflation
forecasting capability. Effective inflation prediction is operated to lead policy discussions in
deciding the correct policy approach to be taken. Under an inflation targeting milieu, the inflation
forecast may forewarn policymakers to a policy response if the forecast exposes that the inflation
stance may swerve from the target. Precise inflation forecasting, is, therefore, essential for the
monetary authorities (Faust & Wright, 2013; Svensson, 2005). [26, 671.

Inflation forecasting characteristically denotes the application of dissimilar models, algorithms,
methods, and techniques to estimate or prophesy potential values of inflation within the economy.

There are two major classes of models commonly used for macro-economic forecasting. The
econometric models are the first category. They are statistically-based approaches such as linear
regression, Moving Average (MA) processes, Autoregressive (AR) models, and Autoregressive
Moving Average (ARMA), Autoregressive Integrated Moving Averages (ARIMA), Vector
Autoregression (VAR), and Vector Error Correction (VEC) models (Harvey & Todd, 1983; Wijaya,
Kom, & Napitupulu, 2010). [31, 74].

There are some presumptions to be made when using these models, such as linearity and
stationary financial time-series data, lack of serial autocorrelation, lack of heteroscedasticity, and
the existence of asymptotic normality. These non-realistic assumptions habitually degrade the
quality of the results of predictions (Yu, Wang & Lai, 2009; Walczak, 2001). [77, 711.

The second category of prediction models is known as Soft Computing based models, machine
learning algorithms, or computational intelligence models. Soft computation is a phrase that
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insinuates artificial intelligence that mimics biological processes. Such techniques include
Artificial Neural Networks (ANNs) [11, Fuzzy logic (Hassan, 2009) [321, Support Vector Machines
(SVMs) (Huang, Nakamori & Wang, 2005) [34]1, Particle Swarm Optimization (PSO) (Majhi et al.,
2008) 1441, and many others.

Owing to the separate concepts underlying the econometric models and the computationally based
ones, research using these methods for comparison purposes will be very important.

This paper’s main goal, is, consequently, to forecast inflation rates in Ghana, using traditional
econometric approaches such as linear multivariate Ordinary Least Squares (OLS) regression and
machine learning algorithms such as Artificial Neural Networks and support vector machines.
Second, the analysis aims to decide which of the methods (regression methods or soft computing
methods of ANNs and SVMs) best predicts inflation rates in Ghana.

1.2 Contribution of the Paper

This paper makes some contributions both to academia and industry. Firstly, it adjoins the current
corpus of literature on macro-economic approaches to forecasting. Consequently, the results of
this paper act as a very nifty reference material for analytical scientific work in the field of
macroeconometric forecasting, data science, and computational intelligence. Secondly, the
outcomes of this study are useful to market experts, including economists, financial analysts, and
stockbrokers because the implementation of the regression techniques, ANNs, and SVMs used in
this study allows future inflation rates to be foretold in Ghana.

Thirdly, the paper makes an inimitable input by pinpointing the most imperative determinants of
inflation rates in Ghana. Additionally, the study brings to the bear the superior predictive ability
of the fine Gaussian SVM model in forecasting Ghana’s inflation rates as compared to the cubic
SVM kernel, NARX ANN, and Linear OLS regression models.

Finally, this paper is vital because it could be exercised by policy-making bodies such as the Bank
of Ghana (BoG) to aid in inflation forecasting.

1.3 Organization of the Paper

The paper is structured into five sections as follows. Section 1 is the introduction and it
concentrates on the background of the study and contribution of the paper. Section 2 is the
literature review and it looks at the relevant theoretical and empirical literature about the topic
under investigation. Section 3 mainly covers the methodology of the study. It provides details of
how the research was conducted. These encompass the research paradigm, research design, data
sources, and data analysis procedures. Section 4 presents the results and findings of the study
and discusses them by situating them within the relevant empirical literature. Section 5 concludes
the paper and makes some recommendations for further studies and policy action, primarily based
on the findings of the study.

2. LITERATURE REVIEW

2.1 Concept and Models of Macro-Economic Forecasting
Macro-economic forecasting denotes specifically the procedure and methods used by economists
to guesstimate potential prices and behavior of financial/macro-economic indicators. This section

L For example, see, Cubiles-de-la Vega, Pino-Mej'ias, Pascual-Acosta & Munoz Garc '1a, 2002; Majhi, Panda & Sahoo, 2009.
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discusses some of the most widely used macro-economic modeling approaches, including
regression, artificial neural networks, and support vector machines.

1. Regression Models
The regression analysis has been exploited successfully to address several questions about the
way we treat system modeling and advance linkages between problem variables. In many cases,
it is important to develop these relationships between variables, such as predicting inflation rates.

A. Single Linear Regression

To understand how linear regression works, assume we have n pairs of the observations data set
{x,y;},i,j =1,..n as given in Figure 2.1.

Figure 2.1: Single Linear Regression

Y =ax + b

Output variafle y

Freprast werricdrle X

Source: Hadrat et al. (2015), p. 1-6.

Our objective is to develop a simple relationship between the two variables x (i.e. input variable)
and y (i.e., output variable) so that we can elaborate a line equation (see equation 2.1).

Y=a+bx s (2.1)

where a is a constant (i.e. bias) and b is the slope of the line. It is more likely that the straight line
will not pass by all the points in the graph. Thus, equation 2.1 shall be re-written as follows:

Y=a+bT + € rrrersrrns 2.2)

where € epitomizes the error difference between the values of x; and y; at any sample i. Thus, to
find the best line that supplies the most accurate relationship between x and y. We have to
formulate the problem as an optimization problem such that we can search and find the best values
of the parameters (i.e. @ and b). In this case, we need to solve an error minimization problem. To
minimize the sum of the error over the whole data set. We need to minimize the function L given
in equation 2.3
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To find the optimal values for @ and b we have to differentiate L with respect to a and b.

. i .
" = —2 ; (s — 1 — |‘[.I,|"I, ) = ()
da /t-; ’
oL = _ )
- — —2 ; (y; —a — br;)r; =0 ... (2.4)
b —

By simplification of equations 2.25, we get to the following two equations:

1. —+ /: XIr; .'[-.l = > s
A’ A’

Equation 2.5 is called least square (LS) normal equations. The solution of these normal equations
produces the least-squares (LS) estimate for @ and b.

B. Multiple Linear Regression
The simple linear model Equation 2.6 can be expanded to a multivariate system of equations as
follows:

Y =01X1 F ApXg F o F QX € e e e s e e e e e e e e e e e e (20.6)

where: y is the dependent variable, x; ... x,, represents the first independent variable, x;, up to its
nt" counterpart (x,,),a; ... a, are slope coefficients, and e is white noise.

In this case, we need to use the LS estimation to compute the optimal values for the parameters
a ... a,. Thus, we have to minimize the optimization function L, which in this case can be presented
as:

i—1 =1 eeeeeeeenes 2.7)

To get the optimal values of the parameters @j...a,, we have to compute the differentiation for
the functions:

L L L

_ e — 0

eiq Jas e le ¥
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Solving equations 2.8, we can produce the optimal values of the model parameters and solve the
multiple regression problem.

2. Artificial Neural Network (ANN) Model

The Artificial Neural Network (ANN) model is presently a legendary forecasting methodology in a
variety of areas, such as computer science, engineering, economics, finance, etc. ANNs have been
applied to calculate variables such as inflation!2]; stock prices!3l; economic growth (Lagat, Waititu,
& Wanjoya, 2018) [421; water demand (Msiza, Nelwamondo, & Marwala, 2007) [49]; endangered
tree species (Omer et al., 2015) [571; blast-induced ground vibration (Tiile, 2016).168]1 A per
inflation forecasting, in particular, the findings of several previous studies compared the inflation
forecasting efficiency of standard econometric models with neural network models and concluded
that the ANNs outperformed the econometric models in inflation forecasting. 41 The memoire of
Neural Networks (NNs) goes back to 1943 when McCulloch and Pitts (1943) 1491 developed the
artificial neuron. The creation of artificial neurons was instigated by neurons in the central
nervous system, which is conscientious for the conduction of information. McCulloch and Pitts
neuron measures the weighted sum of its inputs and, after comparing the outcome to the threshold
value, produces output through a hard limit function. Since the invention of the artificial neuron,
continuous study and rapid advances in technology and computation have allowed the significant
growth of NN. Currently, NNs are one of the most famous and commonly used methods for
classification and regression activities in several applications.

The ANN approach was then created in an attempt to model the way the human brain processes
information. The human brain learns from experience: it receives information and recognizes the
pattern; the brain then generalizes and can predict based on the information it receives. It is how
brain information is processed that the ANN model appears to imitate. While the ANN models are
very far from the way the human brain operates, by imitating the fundamental features of the
biological neural networks, they have succeeded in performing some very good jobs. 5]

a. The Human Neuron
The human brain or central nervous system consists of interconnected structures called neurons.
This system or community of interacting neurons working together to conduct brain functions (i.e.
learning) is a neural network. By definition, a neuron is a simple signaling unit of the nervous
system of a living organism in which each neuron is a discrete cell and many functions derive from
its cell body. Figure 2.2 illuminates the biological structure of the human neuron.

The configuration of the biological neuron is classified into four major regions: the cell body, the
dendrite or membrane, the axon, and the synapse. The heart of the neuron is the cell body. The
human neuron receives signals via dendrite or membrane synapses. If the transmitted signals are
high enough (i.e. surpass a certain threshold), the cell body is triggered and releases another
signal through the axon. The transmitted signal (or action potential) is sent to activate other
neurons within the network. As identical signals begin to reach the threshold, the network
identifies the direction of the signals, assumes the pattern, and as a result, generalizes that if the

2 See (Binner et al., n.d.; Hadrat et al., 2015; Nakamura, 2005; Nunoo, 2013; Oyewale et al., 2019).

3 Refer to (Tsang et al., 2007; Wijaya, Kom & Napitupulu, 2010; Dhaoui, Aydi, & Rajah, 2015).

4 For further discussions refer to (AGI Business Barometer Report, 2010; Bawumia, 2010; Bialowolski, Tomasz & Bartosz, 2010;
Biswas, Sanjay & Arti, 2010; Bank of Ghana, BoG, 2010).

5 For example, see, (Chen, Racine & Swanson, 2001; Aminian et al., 2006; Binner & Kendall, 2003; Hadrat, Nunoo & Sarkodie,
2015).
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signal is like this, the output will be that. In other words, the network can predict the direction of
the transmitted signals.

Figure 2.2: Biological model of the human neuron (artist’s conception)
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Source: Hadrat et al. (2015).

b. The Artificial Neuron
The artificial neuron is a replica of the real human neuron. For example, the human brain
comprises approximately ten billion (1010) neurons, each of which has an average of ten thousand
(104) other neurons, making a total of 1,015 synaptic connections.[6] A replication of how
biological networks function can appear more than complex. Artificial neural networks are an
attempt at a very simple level to mimic the form of non-linear learning that exists in the neuron
networks found in nature. As shown in Figure 2.3, a natural neuron uses the synapses located on
the dendrite to gather inputs (signals) from other neurons and combines the input information,
generate a non-linear response (“firing”) when some threshold is reached, which it sends to other
neurons using the axon. Similarly, the artificial neuron collects inputs (xi) from input neurons,
attaches weights, and combines them through a combination function such as summation (). It
is then activated by a function (usually non-linear) to produce an output response (y), which is
again sent to other neurons.!”!

Figure 2.3: Natural and artificial neurons (a relational sketch)
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Source: Hadrat et al. (2015).

6 Refer to, (Abberger, 2007; Muhammad, Shazia & Feridun, 2007; Alamsyah, 2003).
7 See, (Addison, 2001; Allen & Fildes, 2001; Alnaa & Ahiakpor, 2011; Altiamari, 2001; Ang, Bekaert & Wei (2007; Appiah &
Boahene, 2006).
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c. The Mathematical Model
Three distinct functional operations take place in a neuron. These are the weight function, the net
input function, and the transfer function as shown in Figure 2.4.

e The weight function: First, the inputs, (x: x4, x;, ... x,-) are fed into the neuron. Each input
is multiplied by a random weight (w;) to form the product and sum(} w;x;). The inputs and
weights are the same as the variables and parameters, respectively, in linear regression
models. For many types of neural networks, the weight function is a product of
a weight times the input, but other weight functions (e.g., the distance between the weight
and the input, |w - x|) are sometimes used. [See Figure 2.4 below].

Figure 2.4: The basic structure of the artificial neuron model.

X1
X2 W3

. f(b+ ¥w;x;) Y
/’EH_.I'M \_//
Xe

Input  Weights Processing Unit Output

Source: Hadrat et al. (2015).

e The net input function: Next, the weighted input (X w, x;) is added to a bias (b) to form the
net input (n). That is, the net input becomes:

n=>b+ Z WiXi wer vve e oo e e 2 (2..9)

The bias is similar to the constant in linear models. The most common net input function is the
summation of the weighted inputs with the bias, but other operations, such as multiplication, can
be used.
e The transfer or activation function: Then, the net input is passed through the transfer
function (f), (Figure 2.5) which produces the output (y). The three processes can be shown

as follows:
y :_,f’.[;j;u | Zi\ )
. s (2.10)

There exist many types of activation functions. If the function is linear, it only transfers the net
“n” value to the output unit that is, f(n)=n. This is similar to the linear regression model in
econometrics:
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The activation function in most applications, however, takes the form of the “log-sigmoid or
hyperbolic tangent sigmoid function” which is the continuous and non-linear function and
generates the values between 0 and 1, and-1 and +1 respectively. One of the reasons for the
popularity of the sigmoid function is that calculating its first derivative, which is needed for weight
adjustment in back-propagation, is relatively simple. The sigmoid function is similar to the logit
model, where the dependent variable has the logistic functional form. They have the following

forms:
r— tancio (B 4
y =tansig (b E W;X;)

y = fag.s;;'g[b ~ E “'i";i)

Finally, the output (y) generated by the network is compared with the target or desired output,
the error is calculated. The objective is to minimize the error. This is done by applying a “learning”
or iteration procedure through which the network adjusts the weights in the direction in which
the error is minimized.

Figure 2.5: The Three commonly used transfer (activation) function

M o by

______________ L I S S . .* NS U SRS YU S S N [/ VS S
-
rd _

— 1 » =) » o
) S EE i I 1
Limear trarnsfer furnciion Tan-sigrmoid transfer function Log-sigrmoid trarnsfer function
where finf) = » where tansig () =[27 (1 +e™]-1 where Jogsig () =2 /(1 +™)

Source: Hadrat et al. (2015).

d. The Perceptron
The perceptron, invented by Rosenbaltt (1960) [8], is the simplest type of NN. Based on McCulloch
and Pitts’ [91 neuron model, the perceptron uses a hard limiter function to classify linearly
separable data. The aim is to find the appropriate weight and threshold values of the linear
hyperplane,

8 For a full discussion refer to Rosenblatt, F. (1960). Perceptron simulation experiments. In Proceedings of the IRE, 48, 301-309.

9 McCulloch, W. S. & Pitts, W. H. (1943). A logical immanent in nervous activity. Bulletin of Mathematical Biophysics, 5, 115-
133.
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}- = Sign (Z wyxr; — ”)

%, i=1

that will correctly classify the data. In Eqn. 2.14 w; denotes weights, x;, the inputs, 0 the threshold
value and sign is the hard limiter function in which,

) { 1 i X =10
sigr(X) = ) o
) —1 if X =<0

The values of weights and the threshold value are estimated from sample data with the use of a
training algorithm proposed by Rosenblatt (1960).

The idea of the perceptron is simple and easy to implement, however, its applications are limited
to linear classification problems. For regression and non-linear problems, it is to use more layers,
and thus a different type of NN such as the Multi-Layer Perceptron (MLP).

e. Multi-layer Neural Network or Multi-Layer Perceptron (MLP)

MLP is the most popular type of NN (Hutchinson et al., 1994) [10]1, Developed independently by
Parker (1985) 111 and Rumelhart et al. (1986) [12], the MLP expands the simple idea of the
perceptron into a flexible and powerful network system, capable of identifying any complex
patterns or functions. An MLP is a feedforward NN with multiple layers of fully-connected neurons.
A typical MLP network with one hidden layer and one output is shown in Figure 2.6. In this type
of network, inputs are fed from the input layer and propagated forward to all neurons in the hidden
layer (hence the term feedforward). Each hidden layer neuron has its transformation function and
bias values (threshold values). It receives the weighted inputs from the first layer, computes the
weighted sum, and through the activation function propagates a single output to the next layer.

In essence, while the basic single neuron model is very powerful in learning patterns, it cannot
learn all types of patterns. Hence, the MLP or multi-layer ANN models that have an intermediate
layer, called the hidden layer, can learn all kinds of patterns and thus, are good at prediction. In
the multi-layer model, the inputs are first processed in the hidden units and the outputs of the
hidden units become the inputs of the output units. (Banerjee, Marcellino & Masten, 2003)[131,
The output units finally produce the outputs or forecasts.

10 Hutchinson, J. M., Lo, A. W. & T. Poggio, T. (1994). A nonparametric approach to pricing and hedging derivative securities
via learning networks. Journal of Finance, 49(3), 855-889.

1 parker, D. B. (1985). Learning logic. Technical Report 47, Center for Computational Research in Economics and Management
Science, Massachusets Institute of Technology.

2 Rumelhart, D. E., Hinton, G. E. & R. J. Williams, R. J. (1986). Learning representations by backpropagating errors. Nature, 323,
533-536.

13 See, Banerjee, A., Marcellino, M. & Masten, I. (2003). Leading indicators for euro-area inflation and GDP growth. Working
Papers 3893, CEPR.
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Figure 2.6: A Multi-Layer Perceptron

Input Layer Hidden Layer QOutput Layer
_—
— =
Inputs — Output
—_—
—_—

Source: Andreas Jacovides, A. (2008). Forecasting Interest Rates from the Term Structure: Support Vector
Machines Vs Neural Networks. Unpublished MSc Dissertation, University of Nottingham.

Figure 2.7 below shows the flow of network processes in multi-layer architecture. The
mathematical processes of the multi-layer ANN model are as follows: First, inputs from the input
layer enter the network through the hidden layer units. Each hidden layer unit receives the inputs,
multiplies them by their corresponding weights, and adds them all together with a bias (b). That
is, the hidden layer unit (j) calculates:

t.=b; 4 E VX, 1=L2,...., 1 j=1.2.....q. h=1

where (xi) is the input of the unit (i) and (yji) is a weight connecting the input unit (i) to the hidden
unit (j).

n<

The output of the hidden layer unit (j), (Gj), is a transformation of the net, as follows:

G, = G(net; )

where (G) is an activation function mostly the non-linear tan-sigmoid function. The output units
receive the outputs of the hidden layer units (Gs) as their input. The process in the output layer
units is the same as that of the hidden layer units. That is, the output unit calculates
the net, the sum of the product of the inputs and weights, and bias as follows:

nety, = by, + E PG ;- i=1L2..... q.

where “netn” is the net value for the output unit (h), (Bnj) is the weight connecting the hidden unit
(j) to the output unit (h), and (G;) is the output of the hidden unit (j), which is input for the output
unit (h). The output unit then applies a transfer function, (f), to the (netn). The output of the output
layer unit (his defined as:

_ ¥ ¥ TREMMBIT CONSULT
Published By: C

[ Www.tremmbitconsult.com]




Journal of Technology, Engineering, Management & Computational Sciences

ISSN 2756-7125 ISSN 2756-7133 , JoTEMaCS, an Volume 1, Issue 1.

F, = f(nety) or F, = by, - E B G(b; E Y% )

..... (2.19)
Figure 2.7: A Multi-layer ANN with ‘I’ Input units, ‘q’ Hidden and One Output Unit
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Source: Hadrat et al. (2015).

That is, the multi-layer ANN mathematical model has the function of function form. Finally, the
network compares the outputs or forecasts (Fs) and the target outputs (Ts) and calculates the
error (i.e., Root Mean Squared Forecast Error or RMSFE). The objective is to minimize the error;
so, the computed errors are returned to the network to adjust the connection weights (ys and Bs),
hence back-propagation. The weight adjustment process, which is called learning, is done by a
specific learning rule. The commonly used learning rule is the “generalized delta rule”. In the delta
rule, the weight is updated for each unit in the output layer as follows:

where B,;(t) is the weight connecting unit (j) of the hidden Ilayer to wunit
(h) of the output layer at a time (t), (n) is the learning rate (typically less than 1), and (V) is the
gradient vector associated with the weight (5,;). The gradient vector is the set of derivatives for
all weights with respect to the output error. The network calculates the gradient vector on a layer-
by-layer basis using the chain rule for partial derivatives. The Levenberg-Marquardt (LM) learning
method which is an approximation of Gauss-Newton’s optimization rule is now an improvement of
the gradient descent method. It is given as:

AW =(HH +vI)"H'E

Where (H) is the Jacobian matrix of derivatives of each error to each weight, (v) is the scalar, and
(E) is an error vector. The LM update rule approximates gradient descent if (v) is very large, and
is equivalent to the Gauss-Newton’s method if (v) is small. In the LM method, (v)
changes as the network trains. Since the Gauss-Newton method is faster and more accurate
around the minimum error, the network shifts the learning rule from the gradient descent to
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Gauss-Newton by decreasing v when the error declines. The network iterates the process until the
error fails to decrease further, then it stops (Bawumia & Abradu-Otoo, 2003) [14],

3. Support Vector Machines
The support vector machine is a powerful supervised learning model for prediction and
classification. SVM was first introduced by Vladimir Vapnik and his co-workers at AT&T Bell
Laboratories. The basic idea of SVM is to map the training data into higher dimensional space
using a non-linear mapping function and then perform linear regression in higher dimensional
space to separate the data.

Data mapping is performed using a predetermined kernel function. Data separation is done by
finding the optimal hyperplane (called the Support Vector with the maximum margin from the
separated classes. Figure 2.8 illustrates the idea of the optimal hyperplane in SVM that separates
two classes. In the left part of the figure, lines separated data but with small margins while on the
right an optimal line separates the data with the maximum margins.

Figure 2.8: Optimal Hyperplane in Support Vector Machine
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Source: Hadrat et al. (2015).

a. Learning Process in SVM
The training SVM can be described as follows; supposes we have a data set {xi,yj} JLj=1,..n
where the input vector x; € ®? and the actual y; € ®%. The modeling objective of the SVM is to find
the linear decision function represented in the following equation:

14 Bawumia, M. & Abradu-Otoo. (2003). Monetary Growth, Exchange Rate and Inflation in Ghana: An Error Correction Analysis.
Working paper BoG Accra.
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Where w and b are the weight vector and a constant respectively, which have to be estimated from
the data set. ¢; is a non-linear mapping function. This regression problem can be formulated to
minimize the following regularized risk function:

i

{,‘ )
R(C) = — ? L-(flx;).y;)

. =

L
2

Where L.(f(x;),y;) is known as e-intensive loss function and given by the following equation:

£y — o - = gy ; =
L-(f(x).y) = | £ () Y| ' JAE) yl =
o ’ 0 otherwise

To measure the degree of miss classification to achieve an acceptable degree of error, we use
slack variables ¢; and ¢; as shown in Figure 2.9. This addition makes the problem presented as a
constrained minimum optimization problem (See equation 2.25).

Min. R({w, &) =

b | =

re
lw||? +C> (& + &)
i=1

Subject to:

'ty IRy
Moy B

where C is a regularized constant greater than zero. Thus it performs a balance between the
training error and model flatness. C represents a penalty for prediction error that is greater than
€. & and & are slack variables that form the distance from actual values to the corresponding
boundary values of €. The objective of SVM is to minimize ¢; and & and w?2.

Figure 2.9: Optimal Hyperplane with Slack Variables
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Source: Hadrat et al. (2015), pp. 1-6.
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The above optimization with constraint depicted in equations 2.25 and 2.26 above, can be
converted utilizing Lagrangian multipliers to a quadratic programming problem. Therefore, the
form of the solution can be given by the following equation:

flx) = /: (ev; —oev: VWK (w;.x0) + b
I A b

K(.) is the kernel function and its values is an inner product of two vectors x; and x; in the feature
space ¢(x;) and ¢(x;) and satisfies Mercer’s condition. Therefore,

K(r;.x;) = ¢(xi).d(x;)

Some of the most common kernel functions used in the literature are shown in Table 2.1. In
general, SVMs have many advantages over Classical classification approaches like Artificial
Neural Networks, decision trees, and others. These advantages include: good performance in high-
dimensional spaces; and the support vectors rely on a small subset of the training data which gives
SVM a great computational advantage.

Table 2.1: Common SVM Kernel Functions

Polynomial Eernel K(xi,x;) = (xixj + 1)°
Hyperbolic Tangent Kernel | K (x;,x;) = tanh(eci (x:.2;) + c2)
Radial Basis Eernel p: K(z;,x;) = exp(lz; — x;|/2p%)

Source: Hadrat et al. (2015), pp. 1-6.

2.2 Theories of Inflation

Inflation is characterized as a steady rise in the average value of goods and services throughout
the economy over time (Barro & Grilli, 1994). [12]. As the general level of prices increases, each
currency unit consumes fewer goods and services; as a result, inflation represents a decrease of
buying power per unit of capital - a loss in real value in the medium of exchange and unit of
account of the economy (Walgenbach, Dittrich & Hanson, 1973). [73]. There are 8 theories of
inflation and they are discussed below. They include: (i) Monetary Theory of Inflation, (ii) Classical
Theory of Inflation, (iii) Demand-Pull Theory of Inflation, (iv) Cost-Push Theory of Inflation, (v)
Structural Theories of Inflation, (vi) Rational Expectations Revolution Theory of Inflation, (vii) New
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Neoclassical Synthesis (NNS) Theory of Inflation and (viii) New Political Macroeconomics of
Inflation.

1. Monetary Theory of Inflation

Monetarism refers to M. Friedman's supporters. Friedman (1912-2006) believes that "only money
matters" and as such monetary policy is a more effective instrument for economic stability than
fiscal policy. According to monetarists, the supply of money is the most influential, but not the only
determinant, of both the rates of production and prices in the short and long run. The long-term
level of production is not influenced by the availability of capital. Monetarists emphasize the
position of capital as the key source of demand-pull inflation. They argue that inflation is indeed a
monetary trend. Its first explanation can be sought in the simple quantity theory of money. The
monetarists employ the familiar identity of Fisher’s Equation of Exchange:

Where M is the money of supply, V the velocity of money, P the level of price, and Q, the real
output level.

Assuming that V and Q are constant, the price level (P) varies in proportion to the money supply
(A/). Through stable incomes, the economy was intended to function at the level of full
employment. Labor, capital, stock, and technology have all improved only gradually over time.

Consequently, the amount of capital invested did not change the level of economic production such
that doubling the sum of capital would result in a doubling of the level of price. Until prices had
risen by this proportion, people and companies would have the surplus of cash they would spend,
leading to rising prices. So inflation is proceeding at the same rate as the supply of money is
increasing. The aggregate supply is believed to be fixed in this analysis and there is always full
employment in the economy. Naturally, as the money supply increases, there is more competition
for commodities, but the availability of commodities cannot be increased due to the optimal use of
resources. This translates to a rise in costs. Yet it is a persistent and sustained rise in the money
supply that can lead to actual inflation.

2. Classical Theory of Inflation
This Classical inflation theory is explained in Fig. 2.10 below, where the sum of money is taken
on the horizontal line and the price point on the vertical side. If the sum of money is OM, the price
point is OP. If the sum of capital is doubled to OM2, the price point is always doubled to P2.
Furthermore, as the quantity of capital is increased four-fold to M4, the price level is often
increased four-fold to P4. This relationship is expressed by the curve P = f (M) of the origin at 45°.
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Figure 2.10: Classical Theory of Inflation
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Source: Chand, S. (n.d.). http://www.yourarticlelibrary.com/macro-economics/inflation-macro-economics/monetarist-
view-or-monetary-theory-of-inflation/31152, Retrieved 26™ January, 2020.

Modern quantity proponents led by Friedman claim that "inflation is often and everywhere a
monetary phenomenon that emerges from rapid growth in the quantity of money than in total
production." He suggests that increases in the money quantity would act to bring about changes
in nominal income.

Inflation everywhere is focused on rising competition for products and services as consumers
continue to spend their cash balances. Since the demand for capital remains relatively steady, this
surplus consumption is caused by a rise in the nominal amount of money provided to the economy.
Inflation is almost also a monetary problem.

Next Friedman addresses how the rise in the money supply should first go to output or prices.
Initially, while there is fiscal growth, people's nominal profit increases. Its immediate result would
be to raise labor demand.

Workers are going to settle for higher wages. Production costs and prices are going to rise. The
profit margins will be reduced and the prices of products will rise. In the beginning, people do not
expect prices to continue to rise. They find the price spike to be temporary and expect prices to
decline later.

Consequently, they continue to increase their capital reserves, and the price rise is smaller than
the growth in the nominal money supply. Gradually, people continue to adjust their money
holdings. Price then increases more than in proportion to the supply of capital. The precise level
at which prices rise with a given rate of growth in money supply depends on factors such as
historical price behavior, recent shifts in labor structure, commodity markets, and monetary
policy. Therefore, according to Friedman, monetary growth functions by production before
inflation starts.

3. Demand-Pull Theory of Inflation
John Maynard Keynes (1883-1946) and his advocates underscored the rise in labor demand as a
source of market inflation. Demand-pull inflation is projected to persist as cumulative demand in
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the economy exceeds aggregate supply. That signifies inflation skyrocketing as real gross
domestic product intensifies and unemployment lessens as the economy improves along the
Phillips curve. This is generally characterized as ‘too much money chasing very few goods’. More
accurately, it can be characterized as 'too much money spent chasing too few goods,' because only
money spent on commodities and services will induce inflation. In Keynesian theory, increased
employment results in increased aggregate demand (AD), leading firms to continue recruiting to
maximize production. Owing to capacity constraints, this boost in production will inevitably
become so low that the price of goodwill must rise. At first, unemployment will decline, moving
AD1 to AD2, which will boost demand (noted as "Y") by (Y2 — Y1). The surge in demand
necessitates that extra employees are required, and so AD must shift from AD2 to AD3, but this
time even less is generated than in the previous shift, but the price echelon has mushroomed from
P2 to P3, a much larger market spike than in the previous shift. This price increase is called
inflation (Keynes, 1936) [151, (Figure. 2.11).

Figure 2.11: Demand-Pull Theory of Inflation
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Source: Authors (2020).

Demand-pull inflation is in contrast to cost-push inflation when price and wage increases are
shifted from one sector to another. Nonetheless, they should be viewed as separate facets of the
ultimate inflation process: demand-push inflation describes how price inflation occurs, and cost-
push inflation reveals that inflation became so impossible to control after it began (Barth &
Bennett, 1975) [16], Demand-pull inflation is triggered by (Barth & Bennett, 1975):

o There is a significant increase in consumption and investment, coupled with highly
optimistic companies.

e There is a massive rise in exports due to the large undervaluation of the currency.

e There's a lot of government spending going on.

e The anticipation that inflation will rise also leads to a spike in inflation. Staff and companies
must raise their prices to 'keep up' inflation.

15 Keynes, J. M. (1936). The general theory of employment, interest, and money. Cambridge: UK.

16 Barth, J. R. & Bennett, J. T. (1975). Cost-push versus Demand-pull Inflation: Some Empirical Evidence. Journal of money,
credit & banking (Ohio State University Press), 7(3), 391.
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e Excessive monetary growth happens because there is too much liquidity in the economy
chasing too little goods. Therefore, the 'price' of goodwill rises.
e There is a rise in population.

4. Cost-Push Theory of Inflation
This is a construct of inflation-induced by a substantial rise in the total price of imported
merchandise and services where no appropriate substitute is available. This is concerning
demand-pull inflation. Both inflation accounts have been presented at various times with often
inconclusive evidence as to which explanation is superior (Samuelson & Solow, 1960 [171;
Humphrey, 1998 [18]),

The oil crisis of the 1970s, which some analysts see as a significant cause of inflation witnessed in
the Western world in that decade, has also been cited. It is claimed that this inflation was the
result of proliferation in the charge of petroleum levied by the OPEC Member States. Because
petroleum is so vital to the developed economies, a significant rise in its price will lead to an
acceleration in the cost of nearly all goods, thereby increasing the price level. Some economists
claim that such a price change will increase inflation for longer periods, owing to competitive
expectations and the price/wage spiral, and that a supply shock can have lasting consequences
(Samuelson & Solow, 1960) [341,

Figure 2.12: Cost-Push Theory of Inflation
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Source: https://en.wikipedia.org/wiki/Cost-push _inflation#/media/File:As AD cost_push.svg, Retrieved: January 28, 2020.

Cost-push inflation is caused by (Samuelson & Solow, 1960):

e Rising prices of raw materials.
e Rising labor costs.
o Higher indirect taxation.

17 Samuelson, P. A. & Solow, R. M. (1960). Analytical Aspects of Anti-Inflation Policy. 50 (2): 177-194.

18 Humphrey, T. M. (1998). Historical Origins of the Cost-Push Fallacy. Richmond, Federal Reserve Bank of Richmond Economic
Quarterly, 84 (3), 53-74.
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e Imported inflation;
e Profit-push; monopoly rates rising to make more profit.

5. Structural Theories of Inflation

Besides the two ends of the spectrum mentioned above, there is a middle category of economists
labeled the structural economists. Contrary to the structural inflation hypothesis, market pressure
is one factor that triggers inflation, although it is not the only one. Sympathizers of the structural
hypotheses suspected that inflation was due to radical changes in the county or to some of the
organizational sectors of the financial architecture (Kirkpatrick & Nixon, 1976).[191 Kirkpatrick &
Nixon (1976) presented two kinds of explanations to describe the causes of inflation, as seen in
Figure 2.13 below:

Figure 2.13: Structural Theories of Inflation

Structural Theories of
Inflation
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Mark-Up Inflation
VS Theory

Source: Developed by Authors (2020).

Let us discuss in-depth the various forms of structural inflation theories (as seen in Figure 2.5)
in the following sections.

i. Mark-up Theory: The Mark-up inflation hypothesis was proposed by Prof Gardner Ackley
[201, According to him, inflation cannot arise on its own as a function of demand and cost
variables, rather it is the combined consequence of demand-pull and cost-push practices.
Demand-pull inflation refers to inflation due to surplus aggregate demand, which further
results in higher prices. The increase in price levels stimulates production which raises the
demand for factors of production. As a result, all costs and prices are skyscraping. For
certain situations, incomes are still increasing without a rise in surplus demand for goods.
This precipitated a downturn in supply and an escalation in prices to account for the
growth of wages and the costs of goods. The shortage of goods on the market would lead
to a greater rise in prices. Prof. Gardner then presented a model of mark-up inflation in
which all variables, cost, and demand, are calculated. The growth in demand resulted in a
rise in product prices as consumers spend money on goods. In the other corner, the
products are sold to companies instead of consumers, and then the cost of manufacturing

19 See, (Kirkpatrick, C. H. & Nixon, F. I. (1976). The Origins of Inflation in Less Developed Countries: A Selective Survey,
Manchester, The Manchester University Press).

20 Cited in: O'Sullivan, A. & Sheffrin, S. M. (2003). Economics: Principles in action. Upper Saddle River, New Jersey 07458:
Pearson Prentice Hall.
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increases. As a result, the costs of goods are also increasing. Likewise, the domino effect
of an increase in wages is a corresponding proliferation in production costs, which will
further raise the costs of goods. Prof Gardner opines that inflation is due to surplus
demand or rises in wage rates; thus, all monetary and fiscal policies can be used to manage
inflation. However, these two policies are not adequate to control inflation.

ii. Bottle-Neck Inflation Theory: Prof Otto Eckstein[21l introduced bottle-neck inflation.
According to him, the direct relationship between wages and prices of commodities is the
primary source of inflation. In other words, inflation happens as wages, and prices of goods
increase simultaneously. Nevertheless, he believed that wage push or market-power
theories alone could not provide a straightforward picture of inflation. While evaluating
the inflationary situation, Prof. Eckstein points out that inflation is due to the boom in
capital goods and the wage-price spiral. Besides, he has claimed that inflation rates in any
sector are higher, but few industries demonstrate a very high price rise relative to the
residual sectors. Such industries are referred to as bottle-neck industries, which are
responsible for increasing the costs of merchandise and services. Prof. Eckstein argued
that the increase in demand for goods from the bottle-neck industries would result in
inflation.

6. Rational Expectations Revolution Theory of Inflation
Throughout the 1970s, Macroeconomics became dominated by the radical theory of Rational
Expectations with economists such as Lucas (1972) [221, McCallum (1980)[23] and Sargent &
Hansen (1980)[24] playing quintessential roles in this revolution. Starting with the monetarist
assumptions of continuous market clearing and imperfect knowledge, the Rational Expectation
School, or the first wave of modern Classical macroeconomics, argued that people do not routinely
make the same estimation errors as those suggested in the adaptive expectations framework.

Economic actors "rationally” develop their macro-economic decisions contingent upon all available
facts, both past and present, and not only past information, as in the case of the backward-looking
or adaptive price expectations. According to the traditional monetarist method of the 1960s, the
mistakes in price forecasts were linked to each other. The RE approach to the market cycle and
prices created a vertical PC for both the short and the long-term. If the monetary authority
declares a monetary stimulus in advance, people expect prices to increase. In this situation, this
thoroughly expected fiscal policy cannot have any significant effect except in the short-term, as
the monetarists have argued. Thus, the Central Bank can only have an impact on real output and
employment if it can find an avenue to concoct a "price surprise." Otherwise, the "forward-looking"
expectation adjustments by economic agents will ensure that their pre-announced policies fail.
Similarly, if the policymaker declares a policy of disinflation in advance, the program cannot lower
prices until people expect that the government will eventually enact it. That is, in the new classic
framework, price expectations are closely linked to the need for political credibility and reputation
for successful disinflation in the economy. In the "unpleasant monetarist context" posed by
Sargent and Wallace, the government's expenditure limitation is key to understanding the pace of

2L Cited in: O'Sullivan, A. & Sheffrin, S. M. (2003). Economics: Principles in action. Upper Saddle River, New Jersey 07458:
Pearson Prentice Hall.

22 See, Lucas, R. E. (1972). Expectations and the Neutrality of Money. Journal of Economic Theory, 4, 103-124.

23 McCallum, B. T. (1980) Rational Expectations and Macroeconomic Stabilization Policy: An Overview", The Ohio State
University Press, The Ohio State University Press, Journal of Money, Credit and Banking, 12, 716-746.

2 Sargent, T. J. & Hansen, L. P. (1980). Formulation and Estimating Dynamic Linear Rational Expectations Models. Amsterdam,
Elsevier Sciences, Journal of Economic Dynamics and Control, 2(11), 7-46.
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inflation. Alternate finance strategies for existing government deficits only determine the pace of
expected inflation in the future under the basis that fiscal policy dominates monetary policy
(Beckerman, 1992)[251,

7. New Neoclassical Synthesis (NNS) Theory of Inflation

As Paul Samuelson popularized, the Neo-classical Synthesis was marketed as a theoretical device
providing Keynesian insight into the calculation of national income and a neo-Classical theory to
direct macro-economic analysis (Lucas, 1972) [391.

The so-called New Neo-classical Synthesis has become a focus of monetary policy research and is
developing into a framework that could be established as a standard model in macro-economic
literature. Since the early 1990s, the sharp difference between the emphasis of the new Keynesian
and the new Classical economists on the major origins of business cycles and price movements
has increasingly softened, and the NNS is now on the macro-economic agenda (McCallum, 1980).

According to Gotfried, the latest wave of quantitative models of economic cycles has two main
elements:

1) Systematic analysis of the intertemporal optimization behavior of businesses and households
and realistic expectations;

2) The integration of uneven competitiveness and expensive short-term demand changes into
competitive macroeconomics (Sargent & Hansen, 1980) [41]-

In the NNS, monetary or demand, variables are a central determinant of economic cycles, leading
to the current Keynesian assumption of short-term price stickiness. Around the same moment,
though, the NNS assigns a theoretically broad function to provide shocks to clarify the real
economic operation, as indicated in the current Classical theory of the real business cycle. The
increasingly dynamic paradigm of the new neo-Classical amalgamation makes Keynesian and real
enterprise cycle systems to work across very different networks. The so-called latest edition of the
NNS which is IS-LM-PC renders the price point an endogenous factor. In the model, IS applies to
savings and investments, i.e. equilibrium equation of commodities and services industry, LM
relates to the claim for and availability of capital, i.e. equilibrium equation of the Capital Market
and PC refers to the Phillips Curve. The NNS still finds expectations to be crucial to the inflation
cycle but recognizes expectations as being manageable under the monetary policy rule. The
defining characteristic of the New IS-LM paradigm is that its main behavioural relations can be
drawn from the fundamental decision-making processes of households and businesses and that
these relations also entail core expectations of the future. The IS curve compares the expected
output growth to the real interest rate and is fundamental to the modern consumption theory. The
aggregate supply and Philips curve part of the model link inflation now to predict potential
inflation and the output gap. This relationship can be extracted from a monopoly decision on prices
that is limited by stochastic opportunities for a price adjustment, along with a clear description of
the cost level.

8. New Political Macroeconomics of Inflation

The major essential theories, as described above, focuses primarily on the macro-economic
determinants of inflation and largely ignore the role of non-economic variables such as
institutions, the political environment, and culture in the inflation cycle. State powers, not the

%5 Beckerman, P. (1992). The Economics of High Inflation. New York, NY: St. Martin’s Press.
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social planner, prioritize in the real world, economic policy. Economic policy is the product of a
decision-making mechanism that balances competing desires such that a common option can arise.

In the current political economy, literature offers new insights on the nexus between the timing
of elections, the effectiveness of policymakers, political instability, political credibility and
reputation, and the inflation cycle itself. The argument for the independence of the Central Bank
is generally presented in light of the inflation bias (deviation) implicit in monetary strategy.
However, theoretical and analytical research shows that monetary constitutions should be
structured to maintain a significant measure of autonomy for the Central Bank.

They also ignore the fact that persistent government deficits, as a likely cause of inflation, could
be partly or entirely indigenized when considering the effects of the political process and
subsequent lobbying efforts on government budgets and therefore on inflation (Sims, 1980).[26]

2.3 Empirical Literature

The subject of inflation forecasting has been studied by some previous researchers. Nunoo (2013)
[571 attempted to predict inflation in Ghana using both the econometric and ANN methods. The
study employed both econometric and ANN methods. The study applied the monthly year-on-year
inflation using the data from Jan. 1991 to Dec. 2010. The results revealed that the forecast errors
of the ANN models were lower than those of the econometric models; thus, the ANN predicts
inflation better than the econometric models. The paper concludes that the Bank of Ghana and
researchers in Ghana should use the ANN model in addition to the econometric models to forecast
macro-economic variables such as inflation.

In a cognate study, Oyewale et al. (2019) [591 scrutinized the use of a non-parametric approach
(artificial neural networks) in forecasting inflation rates. The study employed the Artificial Neural
Network (ANN), Standard Back-propagation (SBP), Scaled Conjugate Gradient (SCG), and Back-
propagation with ARIMA model as a model for comparison. Data on monthly basis from January
1991 to December 2016, representing 300 months for the United States of America and the
Federal Republic of Nigeria. The results obtained show that all the ANN models outperformed
ARIMA models. The results imply that the ANN-based model can be used to forecast the inflation
rates market structure.

Baeta, Tumaku, and Ahiave (2019), 1111 in their study, aimed at identifying and forecasting with
the best prediction model for Ghana’s inflation, based on the stochastic mechanisms that govern
Ghana’s inflation series. The Autoregressive integrated moving average (ARIMA) model was used
for the study. The study was carried out using monthly inflation data for the periods between
January 2010 and September 2017. The data was obtained from the Bank of Ghana’s website. Per
the forecast, the Bank of Ghana’s aim of hitting a single digit for the year 2018 will not be realized,
even though the year closes with lower inflation than what it began with. To conclude, the
stochastic approach was able to predict inflation optimally.

In their study, Hadrat et al. (2015) [29] forecasted inflation rates in Ghana with the ANN method.
The study employed the artificial neural network. The monthly year-on-year data between 1991:01
and 2010:12 are used to estimate and forecast for the period 2011:01 to 2011:12. The results show

% Sims, C. A. (1980). “A Comparison of Interwar and Postwar Business Cycles: Monetarism Reconsidered", Amsterdam,
Elsevier Science, and Journal of Economic Review, Annual Papers and Proceedings, 70, 250-257.
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that the Root Mean Square Forecasting Errors (RMSFE) of the ANNs are lower than their
econometric counterparts. That is, by this comparative criterion forecast based on ANN models
are more accurate. The ANN forecasts inflation accurately compared to the other econometric
methods.

Mbeah-Baiden’s (2013) [471 study, also conducted in Ghana, however, investigates and provides
empirical evidence of the relative performance of the ARCH, GARCH, and EGARCH models using
the univariate time-series analysis. Secondary data consisting of year-on-year inflation data for
each month from January 1965 to December 2012 was used in this study sourced from the Ghana
Statistical Service. The ARCH (2) model was selected as the best fit model for predicting the
monthly rate of inflation among the ARCH (m) models. Finally, when the EGACRH (2, 1) model
was compared to the ARIMA (2, 1, 1) model, the EGACRH (2, 1) was found to be superior in
modeling the rate of inflation in Ghana.

The study of Nakamura (2005) 53] evaluated the usefulness of neural networks for inflation
forecasting in the United States. The data used were the U.S. GDP deflator from the first quarter
of 1960 to the third quarter of 2003. The Neural Network (NN) model was found to perform well
relative to AR models for horizons of one and two quarters on the test set 1978-2002. The paper
suggests that the early stopping procedure contributes considerably to the predictive success of
the NN approach. In conclusion, the simple (e.g. two lag) specifications of neural networks should
not be overlooked when data are limited, as is the case for many macro-economic variables.

Alnaa and Ahiakpor’s (2011) [51 work employed the autoregressive integrated moving average
(ARIMA) model to predict inflation in Ghana. The data used was monthly inflation figures collected
from the Ghana Statistical Service covering the period 2000:6 to 2010:12. The results show that
inflation was predicted highest for March, April, and May to be 8.95, 10.07, and 10.24%,
respectively. It was recommended that the appropriate measures must be put in place to prevent
inflation spiral from setting in motion.

The shreds of evidence provided from the above studies reveal a gap when it comes to inflation
prediction. One strand of the literature reports the superior performance of soft computing
algorithms in predicting inflation rates while the other branch reveals a better forecasting ability
of econometric models. It is against this milieu that this paper was written, first and foremost, to
forecast inflation rates in Ghana by identifying its most critical determinants, and secondly, to
ascertain which of the models, namely, regression, ANNs, and SVMs best predict inflation rates
in Ghana.

3. METHODOLOGY

3.1 Research Paradigm
One of the quintessential foundations of every research is the research paradigm and every
researcher subscribes to some form or research paradigm knowingly or unknowingly. Research
paradigm (also known as research philosophy) alludes to a compendium of values, opinions,
concepts, and actions that, especially in an academic context, are a way for society to perceive a
reality that represents them. Put differently, a research paradigm or philosophy is comprised of
simple postulations and conjectures about how the world is comprehended, which then serves as
a footing for reasoning that controls the researcher's conduct (Asamoah, 2015) [10]. According to
Asamoah (2015), research paradigm refers to the configurations of notions, beliefs, suppositions,
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and ideas a researcher holds about how to view, interpret and understand the external world that
eventually influences the researcher’s approach to carrying out research. In the current scientific
interpretation, research paradigms involve the dimensions of ontology and epistemology (Laughlin
1995; Saunders, Lewis & Thornhill, 2009) [43, 651. Ontology refers to the essence of knowledge while
epistemology is related to the development of knowledge.

Ontology is the outlook of one's understanding of reality. Ontology may be disassembled into
objectivism or subjectivism. Protagonists of objectivism claim that an individual should recognize
that the essence of reality is objective and independent of social agents and their perceptions of
it, and proponents of it are either objectivist (Saunders et al., 2009) [65] or realist (Laughlin 1995) [43].
A subjectivist or nominalist, conversely, maintains that nature relies on social forces and claims
that people relate to social phenomena. Objectivism accentuates the magnitude of investigating
the epitome of communication among entities within their constituents. Since this paper aims to
forecast inflation rates using regression, artificial neural networks, and support vector machines,
the objectivistic perspective is espoused.

The subsequent aspect of the research paradigm is epistemology. Epistemology refers to the
qualities accompanying the values on the path to producing, knowing, and utilizing the evidence
that is considered reasonable and true. This also embraces the system by which alleged
information is acquired. A positivist viewpoint presupposes facts separate from the interpretations
of the researcher and devoid of external factors and pressures which drive human behavior. On
the other hand, an interpretative approach buttresses the researcher's yearning to thoroughly
scrutinize individual behavior, because behaviors can be opinionated by the elucidations behind
them.

This deep-seated philosophical conjecture of this paper, therefore, is not only that truth can be
measured but that it can also be exploited to generalize and forecast to some degree, the effects
of such observation. In this study, the objectivist and positivist paradigms are relevant, since the
thesis attempts to forecast inflation rates using the purely mathematical and statistical methods
of regression, artificial neural networks, and support vector machines.

Two more fundamental concepts induce the way truth is studied and they are axiology and
methodology. The former is concerned with ethics, encompassing the positions of principles in the
research and the stance of the scholar on the subject under review. The latter alludes to the design,
approach, and techniques commissioned by the researcher in achieving the ohjectives of the study.

3.2 Research Design
Quantitative analysis requires mathematical methods to quantify and scrutinize the collaboration

among remote variables (Yilmazkuday, 2013) [771. This is harmonious with the aim of this study to
forecast macro-economic variables using the Artificial Neural Network, support vector machine,
and multivariate linear regression. Therefore, this analysis utilizes evidence from time-series. This
indicates the chosen sample was analyzed over many years. It varies from cross-sectional analysis,
where for a single year multiple variables are analyzed. We may detect some causal blueprints
and parallels in the set of data using time-series data. The study employs a computer-based
experimental approach using Gretl, IBM SPSS Statistics, IBM SPSS Modeler, and MATLAB
software, in which the data set is used to train, test, and validated the regression, Artificial Neural
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Network, and support vector machines models for predicting inflation, interest rates, exchange
rates, and stock prices.

3.3 Data Sources and Collection

Data are characteristics or knowledge obtained through observation (Asamoah, 2015) [10]. In a more
formal context, data is an anthology of values of qualitative or quantitative variables for one or
more entities or objects, whereas a datum (the singular of data) is a single value of a single variable
(Saunders et al., 2009; Asamoah, 2015) [65, 10].

This research applied secondary information that is mixed in nature (quantitative and qualitative).
Secondary data insinuates to data obtained on established government or institutional websites
or databases by anyone other than the user and usually readily available. This varies from the
primary data that the investigator typically obtains during the study period by questionnaire
administrations or interviews (Asamoah, 2015; Saunders et al., 2009) [10, 65]. Quantitative data
contains data that comes in number and figure forms and is usually calibrated, collected,
documented, evaluated, visualized using graphs, charts, or other analytical methods. In
conjunction, qualitative data refers to data that often comes in the configurations of texts,
photographs, or other non-numeric formats (Asamoah, 2015) [10].

All the secondary, qualitative data applied in this research were gathered from journal articles,
books, theses, and other online publications, and mostly came in text formats. Secondary,
quantitative data, in particular, the various proxies of financial development and economic growth
were all collected from the websites of the Finance Ministry (MoF), Ghana Statistical Services
(GSS), African Development Bank (AfDB), Bank of Ghana (BoG), and the World Bank Development
Indicators (WDI). The data are all annual time-series data spanning the period 1960-2019,
capturing both the pre-and post-economic reform and structural adjustment program periods for
Ghana.

3.4 Variables Descriptions and Measurements
This section provides a brief explanation of all variables applied in statistical analysis.

3.4.1 Dependent/Target Variables
The dependent or target variables forecasted using regression, ANN and SVM are interest rates,
inflation rates, exchange rates, and stock prices.

i. Inflation Rate- This alludes to a steady increase in aggregate prices for services and
goods in an economy over a period of time (Barro & Grilli, 1994). 1121.

ii. Interest Rate- The term interest rate is expressed as the tiny proportion of the loan
amount paid by the lender to the borrower as the interest. This is traditionally reported
as a percentage per annum. Interest rate (Ardeshir & Saeed, 2004) [9] defines the value
at which a financial intermediary institution such as a bank or an individual lender is
paid for lending their money to another entity or individual.

iil. Exchange Rate- The expression exchange rate is circumscribed as the rate at which
one currency, such as, the Ghana cedi (GHS) will be traded for another country's
currency like the U.S. dollar ($U.S.). Exchange rate as delineated by O'Sullivan and
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Sheffrin (2003)[27], the exchange rate correlates the value of the currency of one
country to that of another.

iv. Stock Price- The phrase stock price insinuates the contemporary price of trade on the
financial market for a share of a company's stock (Corporate Finance Institute, CFI,
2019). 115]

3.4.2 Independent/Input Variables

Nevertheless, the independent variables for each target variable differ significantly. Below are the
explanations of the different independent variables for each target variable.

1. Input Variables for Inflation Rates
Input variables for inflation levels as realized in previous empirical writings are listed below;

i. World Oil Prices-Ghana is a net importer of crude oil, for this reason, fluctuations in
global oil markets have an unswerving consequence on inflation, resulting in higher fuel prices
and, subsequently, foreign and domestic food prices. Oil prices are a chief cradle of inflation, as
they influence several other causes directly or indirectly and are thus assumed to be inflation
imported (Misati et al., 2013) [28],

ii. Domestic Production / Output Gap - The output gap determines the difference in
planned outputs of domestic production. The output is primarily of goods intended for
the local market. Consequently, the output gap tests the divergences among the
forecast and the actual output values (Cheng, 2006) 291, The production deficit harms
inflation. This is for the reason that huge demand deficits often bring about a rise in
consumer goods costs, making domestic production a substantial contributing factor
to inflation (AfDB, 2011) [301,

iii. Mobile Money Use- According to Aron and Muellbauer (2015) [311, mobile money
distribution encourages the pace of money movement, thereby increasing "efficient
currency" and thus inflation. They maintain that in the short-haul, higher mobile
balances could signal plans for imminent spending, thereby increasing inflation,
nonetheless in the short-haul. What is more, mobile money will also pass expenditure
control to families with a higher investment tendency and thereby influencing inflation-
affecting savings.

27 O'Sullivan, A. & Sheffrin, S. M. (2003). Economics: Principles in action. Upper Saddle River, New Jersey 07458: Pearson
Prentice Hall.

28 Cited in: Nti, I. K., Adebayo, F., Adekoya, A. F. & Weyori, B. A. (2019). Random Forest Based Feature Selection of
Macroeconomic Variables for Stock Market Prediction.  American Journal of Applied Sciences, 16 (7), 200-212. doi:
10.3844/ajassp.2019.200.212.

29 Cited in: Banerjee, A., Marcellino, M. & Masten, |. (2003). Leading indicators for euro-area inflation and GDP growth. Working
Papers 3893, CEPR.

30 African Development bank [AfDB]. Inflation Dynamics in selected Eastern African Countries: Ethiopia, Kenya, Tanzania and
Uganda.

3L Aron, J., & Muellbauer, J. (2015). Does mobile Money Cause Inflation? Evidence from Inflation Models for Uganda. Centre
for the Study of African Economies, Oxford.
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iv. Rainfall - Rainfall variations also lead to local production fluctuations which trigger
fuel supply shocks. These disruptions to the market contribute to increased food costs.
Inadequate recovery aggravates maize production and food security impacting the
domestic food supply (Andrle et al., 2013)[32], Inflation’s impact on fuel and non-food
prices has additionally established that rainfall fluctuations play an even greater role
in inflation (Aron Muellbauer, Sebudde et al., 2015)I331,

V. Broad Money Supply -According to Hadrat et al. (2015) [29] broad money supply
affects inflation rates.

The inflation function operated in this research is essentially defined as;
Inflation = f(World Oil Prices, Domestic Production/Output Gap, Mobile Money Use,
Rainfall, Broad Money SUPPLY) ....ccccccovvvreeeriivvvnnucesssveesssssesssssssssssssssssssonases 3.1)

Table 3.1: The Dependent and Independent Variables Employed in the Study

Variable Symbol Measurement Proxy
Dependent Variables
Inflation Rates INFR It is measured as the annual percentage changes in
CPIL.
1. Interest Rates INTR It is measured as the average annual nominal or
real interest rate figures.
2. Exchange Rates EXR Measured as the annual average of variations in

the real exchange rate in local currency units
(GHS) comparative to the United State dollar.
3. Stock Prices SP It is measured as the aggregate share index
provided by the Ghana Statistical Service and the
Ghana Stock Exchange
Independent Variables
1. Input Variables for
Inflation Rates

i. World 0Oil Prices OILPRICES It is measured as the average annual nominal
values of global crude oil prices
ii. Domestic OUTGAP A dummy variable that takes a value of 1 if the
Production/Output country experienced a budget surplus for a
Gap particular year and 0, if otherwise.
iii. Mobile Money MoMo Measured as the average annual recorded figures
of the value of mobile money transactions.
iv. Rainfall RAIN Measured using annual rainfall
V. Money Supply MS Average annual values of broad money (M2+)

circulating in the economy.

32 Andrle, M., Berg, A., Morales, R. A., Portillo, R., & Vlcek, J. (2013). Forecasting and Monetary Policy Analysis in Low-
Income Countries: Food and non-Food Inflation in Kenya. IMF Working Paper WP/13/61.

33 Aron, J., Muellbauer, J., Sebudde, R., et al. (2015). Inflation forecasting models for Uganda: Is mobile money relevant? Centre
for the study of African Economies, University of Oxford. Retrieved from http://www.sbs.ox.ac.uk/sites/default/files/research-
projects/mobile-money/inflation-forecasting-16April.pdf
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Source: The Authors (2020) collected all the information in this table from several sources, namely, World Bank,

Ministry of Finance, Ghana Statistical Service, Bank of Ghana, and African Development Bank websites.

3.5 Data Analysis

3.5.1 Data Preparation

The data collected are first pre-processed to make it appropriate for review. At this point, missing
data is filled in using some defined codes and methods of forecasting, and the entire data series
for all indicators are shown in matrices or vector formats suited for statistical analyses.

3.5.2 Implementation of the Multivariate Linear Regression Model

After preparing the data, another thing to do is to define all the empirical models for projecting
the macro-economic variables selected.

1. Model Specification
The following empirical econometric model is specified to forecast the selected macro-economic
variables, namely, rate of inflation, interest rate, rate of exchange, and stock prices.

INFR; = ay + o, OILPrice; + a,OutGap; + azMoMo; + a4 RAIN; + agMS; 4 €1¢eevvmneeinineeiinnneennnnn. (3.5)
Where the constants are delimited bya,

And the slope coefficients are defined by the vector ¢ = oy, oy, a3, ay, as

The dependent variables are defined by the matrix ¥; = INFR,

Where,

INFR, =Annual Inflation rates

The predictor or independent variables vector is defined as

X,; = [OILPrice, OUTGap, MoMo, RAIN, MS;]

Where; X,;, are the predictor variables for Annual Inflation rates (INFR,). The independent
variables are themselves defined as follows;

OILPrice,=Crude Qil Prices; OUT Gap,=0utput Gap; MoMo,=Mobile Money usage; RAIN,=Rainfall
Pattern/Amount; MS,=Money Supply

Where; ¢, is the stochastic error terms associated with equations 3.5,

2. Model Estimation
Using Gretl software, the parameters of the regression model are approximated using Ordinary
Least Squares (OLS) with robust/heteroscedastic standard errors.
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3. Model Testing & Validation
Using training, testing, and confirmation data, the model is checked and validated, and the
outcomes are matched to those from the ANN and SVM regressions.

3.5.3 Back-Propagation (BP) Algorithm and Artificial Neural Network (ANN) Model

Neural networks with adequate complexity can approximate an unknown function to some degree
of the desired precision with just one hidden layer. The model becomes even more robust, with
multiple hidden layers. Therefore, the ANN model employed in this thesis contains an entry layer,
numerous hidden layers, and an exit layer, and each of them connected to the other in the
corresponding arrangement as defined in Figure 3.1 below. The input layer refers to the
respective input variables seen in the Figure for measuring the output variable of inflation rates.
To denote the non-linear correlations among variables, multiple hidden layers are applied (Qiu &
Song, 2016) [341,

The Back-Propagation (BP) algorithm, a commonly used Classical learning algorithm, is used in
neural networks (Sexton & Gupta, 200035; Werbose, 1994136l), BP determines the network weight
between the nuts, which can be seen in Figure 3.1 below. It could be discerned from the figure
that, for example, W11 designates the weight within Node 1 of an input layer and Node 1 of the
hidden layer) and the weight of the links based on training data. On the other hand, the node 1
bias in the concealed layer is denoted by 61.

The network's biases and weights are assigned first values, while errors between the forecast and
the actual performance values are repeatedly and iteratively duplicated by the network to update
the weight and biases (Wang, 2009) [371 If the error is greater than the stated value or the
condition of termination is met, the training shall be considered complete and the bias and weight
values of the network shall be retained. Comprehensive explanations on the use of a BP algorithm
for the training ANN model can be obtained in (Chauvin & Rumelhart, 1995) [38],

Although researchers have also trained the ANN model using the gradient technique of the BP
algorithm, restricted gradients become more evident when using ANNs for complex non-
optimization issues (Salchenberger, Cinar & Lash, 1992)[39],

3.5.4 Implementation of the ANN Model

The design and implementation of the ANN model for the prediction of the time-series using the
MATLAB (2019a) neural network toolbox, IBM SPSS Statistics 23.0, and IBM SPSS Modeler

34 Qiu, M. & Song, Y. (2016). Oredicting the Direction of Stock Market Index Movement Using an Optimized Avrtificial Neural
Network Model. PLoS ONE, 11(5): e0155133. Doi: 10.1371/journal.pone.0155133.

3 Sexton, R. S. & Gupta, J. N. (2000). Comparative evaluation of genetic algorithm and back propagation for training neural
networks. Information Sciences; 129(1): 45-59.

36 Werbose, P. J. (1994). The roots of back propagation: from ordered derivatives to neural networks and political forecasting. 1%
ed. John Wiley & Sons.

37 Wang, Y. H. (2009). Nonlinear neural network forecasting model for stock index option price: Hybrid GJR-GARCH approach.
Expert Systems Applications, 36(1): 64-70.

38 Chauvin, Y. & Rumelhart, D. E. (1995). Backpropagation: theory, architectures, and applications. 1% ed. Psychology Press.

39 Salchenberger, L. M., Cinar, E. & Lash, N. A. (1992). Neural networks: A new tool for predicting thrift failures. Decision
Sciences, 23(4): 899-916.
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software require the following seven basic steps, briefly described below. These are data
specification, creating and configuring the network, initializing weights, and biases, and training,
validating, and using the network.

i Data Collection and Model Specification
Input and target variables used for the linear multivariate regression are the same as those
employed for the implementation of ANN. As seen in Figure 3.1 below, oil prices, output gap,
mobile money, rainfall, and money supply are applied to foretell inflation rates as input variables.

Figure 3.1: Artificial Neural Network (ANN) Model
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Source: Authors’ Conceptualisation based on Qiu & Song (2016), p.3.

ii. Creating the Network
Dynamic ANN models are created based on the indicated time-series econometric models. Many
ANN types, such as the Recurrent Neural Network (RNN), the Non-linear Autoregressive Neural
Network (NAR), and the Non-linear Autoregressive Exogenous Neural Network (NARX), are used
for time-series forecasting purposes. For this thesis, the NARX model is implemented to forecast
the macro-economic output variable of inflation. Because it was discovered to be computationally
more robust than the NAR and RNN models (Ruiz et al., 201614%]; Cao, Ewing & Thompson,

40 Ruiz, L., Cu’ellar, M., Calvo-Flores, M., & Jim’ enez, M. (2016). An application of non-linear autoregressive neural networks
to predict energy consumption in public buildings, “Energies, vol.9, no. 9, article 684.
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2012[411), The NARX model uses previous output variable (Y) values in combination with existing
input variable (X) values, rendering the NARX model more dynamically stable for forecasting
relative to the NAR and RNN models (Ruiz et al., 2016; Cao, Ewing & Thompson, 2012).[571 [58]

The NARX neural network time-series is stipulated as follows (Ruiz et al., 2016) [571:
y(t) =hx(t—1),x(t—2),..x(t—k),...+y{t—1),y(t —2), ..yt — D) + €(t)eeerrrrrrreerrrreenees (3.9)

where: The output variables are defined by the vector y(t) = [INFR,], representing inflation
rates (INFt).

y(t —1),y(t — 2),..y(t — p) are past values of the output variables;
x(t — 1), x(t — 2),...x(t — k) =past values of the input variables such that
Inflation Rates = h(Oil Prices, Output Gap, Mobile Money, Rainfall, Money Supply)
e(t) = white noise

Figure 3.2: The NARX Neural Network Model
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Source: (Ruiz et al., 2016).

i, Configuring the Network
The ANN's nonlinearity is due to the presence of the hidden layer units; and hence, each network
is equipped with many hidden neurons and one (1) output neuron along with their corresponding
lags (or delays). The network is then configured to split the estimation data randomly into three
sets as follows: 50 percent is exercised in network training, 25 percent is used to calculate or
verify network generalization, and the final 25 percent is employed to test the network's
performance during and after training.

v. The Weights and Biases Initialization
The biases and weight of the network are randomly initialized.

4l Cao, Q., Ewing, B. T. & Thompson, M. A. (2012). “Forecasting wind speed with recurrent neural networks”, European
Journal of Operational Research, vol. 221, no. 1, pp. 148-154.
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V. Training the Network
This analysis is implemented with the Scale Conjugate training algorithm, a standard literature
technique. The algorithm for training is conducted on the training set until the RMSE begins to
rise in the validation set.

Vi. Validating the Network
Training of the network continues until the validation error over multiple iterations does not
decrease. They can then employ the validated network for prediction. Thus the network may be
retrained or reconfigured with larger data to enhance the output.

vii. Using the Network
After the training, the network is converted into a close-loop type and used for prediction. Lastly,
the training feature yields predictive outcomes dependent on RMSE minimization parameters.

3.5.4 Support Vector Machine (SVM) Model

The SVM algorithm is commonly used in a variety of goals and is especially useful for regression
and classification problems. In time-series predictions, SVM can be extraordinarily efficient, from
the stock market to even more volatile and tumultuous processes (Cao, Pang & Bai, 2005)[421, The
way SVM works in time-series prediction is similar to how it operates when used to solve
classification problems: data is charted to a greater-dimensional space and separated using an
optimum-margin hyperplane. Nevertheless, the fresh objective differs in that we aim to acquire a
feature that has the capability to precisely guess future values (Huang & Tian, 2013) [43],

Contemplate a specified training sample of n data points {x;, y;}i=; with input data x; € RP , such
that p is the overall amount of data types and y; € R is the output. Normally, the notion of
constructing SVM to approach a function enmeshes plotting the data x into a high-dimensional
function space by non-linear plotting and finalizing a linear regression in the feature space.

The function is guesstimated in the following form by the SVM:

G R 3.10

Where, @(x) symbolizes a high-dimensional feature space that is nonlinearly plotted from input
space x (Zhang et al., 2013). By minimizing the following linear programming function, the w and
b coefficients are approximated:

42 Cao, D-Z., Pang, S. L. & Bai, Y-H. (2005). Forecasting exchange rates using support vector machines, Proceedings of the
Fourth International Conference on Machine Learning and Cybernetics, Guangzhou, 18-21 August 2005.

43 Huang, H. & Tian, Y. (2013). A novel visual modelling system for time series forecast: application to the domain of
hydrology. Journal of Hydroinformatics, 15(1), 21-37.

i o7~ TREMMBIT CONSULT
Published By: =

[ Www.tremmbitconsult.com]



Journal of Technology, Engineering, Management & Computational Sciences

ISSN 2756-7125 ISSN 2756-7133 , JoTEMaCS, an Volume 1, Issue 1.

The following restrictions apply:

Vv, — -t (x,)— b = =
11'Tg-r){; x; ) +B— v, = &
................................................................... 3.12
This produces:
Yi(wx +8) =120 Mo s =1, 2, st e, 3.13

The above equation is transmuted to the key function below to determine roughly w and b by
presenting the positive slack variables € and &* as follows (Figure 3.3):

Minimize
/ I 1 - R S e
R(\‘H‘L.:TA.T’ .:I::‘Ll"‘l\'JvaZ{..T’F + £, :I
- O TP PPPRURRRRRURPPN: 3.14
The following restrictions apply:

Tr

Vv, —w x, —b =<+ &;
wrxi + b — 1y, < f_‘+§;
gfﬂgf = 0

Figure 3.3: Support Vector Machine (SVM) Model
F(>)

v (2 ) =w T gx )+ 5

Source: (Lagat, Waititu & Wanjoya, 2018, p.69).

The first term %wTw in Eq. (3.11) is the vector weights norm, y; the anticipated value and C is

denoted as the regularized constant, defining the compromise between the regularized term and
the empirical error term. The error term € is associated with the SVM that refers to the precision
of approximation in the data points of the training. Here are added the slack variables € and &*.
The decision function given by Eq.3.13 is to exploit Lagrange multipliers and use the optimality
constraints. The following exact form is taken as follows:

_ ¥ ¥ TREMMBIT CONSULT
Published By: C

[ Www.tremmbitconsult.com]




Journal of Technology, Engineering, Management & Computational Sciences

ISSN 2756-7125 ISSN 2756-7133 , JoTEMaCS, an Volume 1, Issue 1.
g AT
+C_72[*:*+; ]* _E r‘;r{é:+._.——1 4+ WL Ag,,}
=1 F=1

- i 3.15
With the constraints:
i o, — IZ r,r_;-:: - 0 =< (z.:' < C, i=12.......... 71
=1 = O=a=C, F= 12, S 3.16
It can be presented in the form below:
2 x) = S o, — (45_: Y- go (2 Do (x))+ &
E ( ) (w(xd-w ()2 3.17
or more commonly as:
yi(x) = Z{oc!‘- —r/\_:' ]‘Kf(.ﬁ}_.\‘}—l—fj
=L 3.18

Where: K (x;,x) delineates the kernel function (Wang et al., 2012[441; Mellit, Pavan, &
Benghanem, 2013[45]),

The value of the kernel is equal to the inner product of two vectors, X; and X;, in the feature
space ¢(x;) and ¢(x;), thatis, K (x;,x) = ¢(x;) X @(x;).

The kernel function typically comes in the following forms:

Linear: K(x,x; )= 1I X ;
Sigmoid: K (x,x;)= T‘allll( ;f:c!.r:c s+ )
Polynomial: K& (x, x; }:{ __T’A‘!_-I_.‘F ; + .r'] , =0 3.19
Gaussian function:
2y
i (lx—=x]
K(x,x;)=exp| — - 3 =0
i L >,
: - ( ||:\ — x| °
Exponential RBF: K (x.,x;)=exp| — S —
|\ _:,’ J

4 Wang, J., Li, L., Niu, D., & Tan, Z. (2012). An annual load forecasting model based on support vector regression with
differential evolution algorithm. Applied Energy, 94, 65-70.

4 Mellit, A., Pavan, A. & Benghanem, M. (2013). Least squares support vector machines for short-term prediction of
meteorological time series. Theoretical & Applied Climatology, 111(1), 297-307.

) ./~ TREMMBIT CONSULT
Published By: Ca

[ Www.tremmbitconsult.com]



Journal of Technology, Engineering, Management & Computational Sciences

ISSN 2756-7125 ISSN 2756-7133 , JoTEMaCS, an Volume 1, Issue 1.

Thus, r, p, and d, are kernel variables/parameters; the kernel parameter must be selected
judiciously, as they obliquely demarcate the organization of the high-dimensional function space
@(x) and thus pedals the convolution of the ultimate solution (Mustaffa & Yusof, 2012)[461,

The SVM regression implementation is performed using MATLAB 2019a and IBM SPSS Modeler.

The output variables are defined by the matrix y(x) = (INFt), representing inflation rates such
that;

Inflation Rates = f(Oil Prices, Output Gap, Mobile Money, Rainfall, Money Supply)

3.3.5 Evaluation Criteria for Artificial Neural Networks, Support Vector Machines and
Regression

Several assessment parameters are employed to determine the functionality of the predictive
models of proven stock prices, inflation, exchange, and interest rates. Using the proven models,
these measurement yardsticks are used to quantify how close the actual values are to the predicted
values. The evaluation criteria referred to a class of forecasting error terms, namely, mean
absolute error (MAE), root mean square error (RMSE), mean square error (MSE), and correlation
coefficient R (Moshiri, et al., 1999).1471 They are mathematically defined in equations 3.20, 3.21,
3.22, and 3.23 below.

MAE = .—Z (yi — 93)l

L (3.20)

TN S F = ri i { — & =
\ R (3.21)

MSE — Zi=a &)
e (3.22)
5 i — T Es —
I = — :
Y S iy — 2300 (g — §)2

... (3.23)

where y; is actual values of stock prices, inflation, exchange rates, and interest rates, and 7, is
the estimated figures based on the suggested techniques, namely, Linear OLS regression, Support
Vector Machines Regression and Artificial Neural Networks, n, is the cumulative number of
measurements/time-series observations in the validation results. The Mean Absolute Error (MAE),
mean square error (MSE), Root Mean Square Error (RMSE) and are measures of the value of error
expected, i.e. the magnitude of typical errors made using a forecasting model (Stock & Watson,

46 Mustaffa, Z. & Yusof, Y. (2012). A hybridization of enhanced artificial bee colony-least squares support vector machines for
price forecasting. Journal of Computer Science, 8(10), 1680-1690.

47 Moshiri, S., Cameron, N. & Scuse, D. (1999). Static, Dynamic and Hybrid Neural Networks in forecasting inflation.
Computational Economics, 14, pp. 219-235.
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1998)I481, When for one model, the MSE, MAE, and RMSE are lower than for another, then the
model's predictions are more accurate.

4. RESULTS, FINDINGS & DISCUSSIONS

4.1 Results

The results of the study are presented under this section.
4.1.1 Descriptive Statistics

The results of the descriptive statistics for the input and output variables employed in the study
are described below:

Table 4.1 (a): Descriptive Statistics for Inflation Rates

The macro-economic variable the study sought to forecast were Inflation rates (INF). There were 60 data
observations spanning the period 1960-2019.

INFR

Mean 28.62485
Median 18.69271
Maximum 122.8745
Minimum -8.422486
Std. Dev. 26.42402
Skewness 2.038614
Kurtosis 7.413522
Jarque-Bera 90.25743
Probability 0.000000
Sum 1717.491
Sum Sq. Dev. 41195.51
Observations 60

Source: Authors (2020).

From Table 4.1(a) above, the average value of inflation within the years 1960 to 2019 in Ghana
was 28.62485 with minimum and maximum values of -8.422486 and 122.8745 respectively. The
figure 26.42402 was also recorded as the value of standard deviation. The value of skewness was
2.038614 and that of kurtosis was 7.413522. This means that the data distribution is rightly
skewed and leptokurtic with longer and fatter tails.

Table 4.1(b) below provides a summary of the descriptive statistics for the input variables used
in forecasting inflation. From the table, the average value of OILPRICES in Ghana ranging from
1960 to 2019 was 30.76267 with a minimum value of 1.210000 and a maximum value of 109.4500.
The value of the standard deviation was recorded as 29.78505. The values of skewness and

“8 Stock, J. H. & Watson, M. W. (1998). A Comparison of Linear and Nonlinear Univariate Models for Forecasting
Macroeconomic Time Series, NBER Working Paper 6607, 7.
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kurtosis was 1.209811 and 3.587676 respectively. This means that the data distribution is
positively skewed to the right and also leptokurtic. The data distribution is heavy-tailed. The value
of the mean for the output gap (OUTGAP) in Ghana between 1960 and 2019 was 0.050000. The
minimum value was 0.000000 and the maximum value was 1.000000 with a standard deviation of
0.219784. 4.129483 was the value recorded for skewness and 18.05263 was recorded for kurtosis.
This implies that the data distribution is highly skewed to the right and positive. It is leptokurtic
with fatter tails. Also, the value of the mean of MOMO in Ghana from 1960 to 2019 was 18348901
with a minimum value of 0.000000 and a maximum value of 5.50E+08. It recorded the value of
the standard deviation as 99599180. The values of skewness and kurtosis was 5.199468 and
28.03447 respectively. This reveals that the data is positively skewed to the right and leptokurtic,
that is, the distribution has a higher peak and heavy-tailed. The average value RAIN in Ghana
between the years 1960 and 2019 was 98.49430 with a minimum value of 69.10501 and a
maximum value of 141.5515. Also, the value of the standard deviation was 11.87203. Skewness
was recorded as 0.885776 and kurtosis was recorded as 5.910698. This implies that the data
distribution is moderately skewed to the right and positive. The data distribution is leptokurtic
with broader tails. The average value of Money Supply (MS) in Ghana between 1960 and 2019
was 22.56176. A minimum value of 11.30499 and a maximum of 34.10823 was recorded. A
standard deviation value of 5.514739 was also recorded. The values of skewness and kurtosis was
0.023069 and 2.381354 respectively. This means that the data is fairly symmetrical and platykurtic
compared to the normal distribution. The mean value of FSD in Ghana between 1960 and 2019
was 24.84944. The minimum and maximum values was -5.822785 and 39.29761 respectively. It
recorded a standard deviation of 7.212836 with values for skewness and kurtosis as -1.296951
and 7.137184 respectively. This shows that the data distribution is negatively skewed to the left
and leptokurtic with a higher peak.

Table 4.1 (b): Descriptive Statistics for Input Variables

The input variables used in forecasting inflation rates were Oil Prices (OILPRICES), Output Gap (OUTGAP), Mobile
Money (MOMO), Rainfall (RAIN), and Money Supply (MS). There were 60 data observations spanning from 1960-

2019.
OILPRICES OUTGAP MOMO RAIN MS

Mean 30.76267 0.050000 18348901  98.49430 22.56176
Median 19.57500 0.000000 0.000000  98.65399 22.30640
Maximum 109.4500 1.000000 5.50E+08  141.5515 34.10823
Minimum 1.210000 0.000000 0.000000  69.10501 11.30499
Std. Dev. 29.78505 0.219784 99599180  11.87203 5.514739
Skewness 1.209811 4.129483 5.199468  0.885776 0.023069
Kurtosis 3.587676 18.05263 28.03447 5.910698 2.381354

Jarque-Bera 15.49984 736.9806 1837.157  29.02641 0.962130
Probability 0.000431 0.000000 0.000000  0.000000 0.618125

Sum 1845.760 3.000000 1.10E+09  5909.658 1353.706
Sum Sq. Dev. 52341.82 2.850000 5.85E+17  8315.757 1794.328

Observations 60 60 60 60 60

Source: Authors (2020).
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4.1.2 Unit Root Tests for Output Variable Inflation

The results of ADF-unit root tests indicate conducted on the output variables of inflation reveals
that the inflation rates data series is non-stationary at level (p=0.1713<0.05). (Table 4.1(d)).
However, when the data series was first differenced it became stationary, meaning that the data
series for inflation rates are integrated of first-order (i.e., they are I (1)). (Table 4.1(e)).

Table 4.1(d): Unit Root Test for Inflation Rates at Level

The ADF-unit root test was performed at level for inflation rates(INFR) data series. The sample comprised 60
observations spanning the period 1960-2019. The test was performed using the individual constant, linear trends
assumption, and a lag length of 1 was automatically selected based on the Schwarz Information Criteria (SIC),
with a maximum lag of 10.

SERIES: INFR

t-Statistic Prob.*

Augmented Dickey-Fuller test statistic -2.896354 0.1713
Test critical values: 1% level -4.124265
5% level -3.489228
10% level -3.173114

*MacKinnon (1996) one-sided p-values.

Source: Authors (2020).
Table 4.1(e): Unit Root Tests for Inflation Rates at First Difference

The ADF-unit root test was performed at first difference for inflation rates(INFR) data series. The sample
comprised 60 observations spanning the period 1960-2019. The test was performed using the individual constant,
linear trends assumption, and a lag length of 0 was automatically selected based on the Schwarz Information
Criteria (SIC), with a maximum lag of 10.

SERIES: INFR

t-Statistic Prob.*

Augmented Dickey-Fuller test statistic -13.02546 0.0000%*
Test critical values: 1% level -4.124265
5% level -3.489228
10% level -3.173114

*MacKinnon (1996) one-sided p-values.
*P-values significant at 1%, 5% and 10% levels.

Source: Authors (2020).
4.1.3 Group Unit Root Tests for Input Variables

The data series for the input variables are non-stationary at level because two of the test statistics
(Levin, Lin & Chu t-statistic, and Breitung t-statistic) are insignificant. (Table 4.1(f)). Therefore,
the unit root test was performed on the first differenced values of the variables, and the results
indicated that all the variables were stationary at first difference, representing stable I (1)
processes. (Table 4.1(g)). Since all the variables (output and other variables) are all I (1)
processes, only the first differences are used to perform the linear OLS regression, NARX ANN,
and SVM analyses.
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Table 4.1(f): Group Unit Root Test Summary for Input Variables at Level

The group unit root test was performed at level for Oil prices (OILPRICES), OUTGAP (Output Gap), Mobile Money
(MoMo), Rainfall(RAIN), and Money Supply(MS). The sample comprised 60 observations spanning the period 1960-
2019. The tests were performed using the individual linear trends assumption, and the lags were automatically selected
based on the Schwarz Information Criteria ranging between 0 and 7. The Newey-West automatic bandwidth selection
and Bartlett kernels were used in the estimations.

SERIES: OILPRICES, OUTGAP, MOMO, RAIN, MS.

Cross-

Method Statistic Prob.** sections Obs
Null: Unit root (assumes common unit root process)

Levin, Lin & Chu t* -0.17988 0.4286 12 701
Breitung t-stat 3.11680 0.9991 12 689
Null: Unit root (assumes individual unit root process)

Im, Pesaran and Shin W-stat -5.49949 0.0000 12 701
ADF - Fisher Chi-square 116.358 0.0000 12 701
PP - Fisher Chi-square 118.196 0.0000 12 708

** Probabilities for Fisher tests are computed using an asymptotic Chi
-square distribution. All other tests assume asymptotic normality.

Source: Authors (2020).

Table 4.1(g): Group Unit Root Test Summary for Other Variables at 15t Difference

The group unit root test was performed at level for Oil prices (OILPRICES), OUTGAP (Output Gap), Mobile Money (MoMo),
Rainfall(RAIN), and Money Supply(MS). The sample comprised 60 observations spanning the period 1960-2019. The tests were performed
using the individual linear trends assumption, and the lags were automatically selected based on the Schwarz Information Criteria ranging
between 0 and 6. The Newey-West automatic bandwidth selection and Bartlett kernels were used in the estimations.

SERIES: OILPRICES, OUTGAP, MOMO, RAIN, MS.

Method Statistic Prob.** Section Obs
S

Null: Unit root (assumes common unit root process)

Levin, Lin & Chu t* -22.3996 0.0000%* 11 628
Breitung t-stat -15.2300 0.0000% 11 617
Null: Unit root (assumes individual unit root process)

Im, Pesaran and Shin W-stat -23.7584 0.0000%* 11 628
ADF - Fisher Chi-square 351.368 0.0000%* 11 628
PP - Fisher Chi-square 278.446 0.0000%* 11 638

** Probabilities for Fisher tests are computed using an asymptotic Chi
-square distribution. All other tests assume asymptotic normality.

**P-values significant at 1%, 5% and 10% levels.

Source: Authors (2020).

4.1.4 Training, Testing, and Validation Regression Models

The regression results for training, testing, and validation models are shown in Appendix A.
(See Table 4.2 (a)-(c), 4.3(a)-(c), Figure 4.1 & 4.2).
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4.1.5 Validated Regression Model for Inflation Rates

The estimated equation for inflation forecasting obtained from the validated model is shown

below:
AINFR, = 0.388 + 0.350A0ILPrices, — 45.354A0utGap, — 0.433A RAIN, — 0.937AMS,......... (3.5
SE= (3.56540) (0.790275) (18.9525) (0.246492) (1.37148)
t=  (0.1088) (0.4433) (—2.393) (—1.757) (—0.6831)
p=  (0.9139) (0.6600) (0.0216**) (0.0868*) (0.4986)
R-squared 0.194101 Adjusted R-squared 0.111445
F(4, 39) 2.348294 P-value(F) 0.071178*

No reasonable parameters could be estimated for Mobile Money since all its first difference values
were zero for the model validation sample period.

The validated model above, however, indicates that the output gap and rainfall are the most
significant predictors of inflation in Ghana. An increase in the Output gap could significantly
reduce inflation (B=—45.3543; p = 0.0216 < 0.05 ), whereas increases in rainfall could significantly
minimize inflation levels (B= —0.433080; p = 0.0868 < 0.10). (Table 4.3(a), Appendix A).

Although the model is significant ( F(4, 39)= 2.348294; P-value(F)=0.071178*<0.10) its predictive
ability is, however, quite low as OILPrices;, OutGap;, RAIN,, MS; jointly account for only 19.4101%
of changes in inflation, the remaining 80.5899% being accounted for by other exogenous factors
excluded from the model (R-squared= 0.194101). (Table 4.3(a) Appendix A).

The forecast graph, actual versus predicted plot, residuals graph, and forecast table below shows
that the predicted first differenced inflation values computed using the validated model above
deviate from their actual first differenced values during the forecasting period (2005-2019).
(Figure 4.3(a)).

4.1.6 Prediction Accuracies of Inflation Regression Models

The accuracy of the inflation regression model was evaluated using the MAE, MSE, RMSE, and R.
The results show that the validation model is more accurate than the testing and training models.
This is because the MAE, MSE, and RMSE associated with the validation model are generally
lesser or lower than those of the training and testing model. The Regression R values for the
training and testing data are, however, higher than that of the validation data, indicating a much
closer relationship. (Table 4.4. (a)).
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Figure 4.3(a): Forecast Graph, Actual vs Predicted Plot and Residuals Graph for Inflation
Regression Model using Validation Data

Panel A: Inflation Forecast Graph Using Validation Data
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Source: Authors (2020).
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Table 4.4(a): Prediction Accuracies of Inflation Regression Models based on Training,
Testing and Validation Data

MAE MSE RMSE R
Training 19.381 718.401 26.803 0.8005
Testing 10.531 224.9400 14.998 0.8785
Validation 7.94 123.6099 11.118 0.44057

Source: Authors (2020).

4.1.7 NARX ANN Model of Inflation

Approximately 50% of the data set was used for training, 25% was employed in model testing and
25% used for model validation using the holdout sample. Four missing observations were excluded
(Table 4.5 (a)).

Table 4.5 (a): Case Processing Summary for NARX ANN Inflation Model

N Percent

Sample Training 29 50.4%

Testing 18 24.6%

Holdout (Validation) 14 25.0%

Valid 57 100.0%
Excluded 4
Total 61

Source: Authors (2020).

The input layer consists of 17 covariates that were employed for the Non-Linear Autoregressive
Exogenous (NARX) multi-layer Perceptron ANN Model. The model comprised 17 units excluding
the bias unit. The standardized rescaling method was employed on the covariates. The model
comprises 10 hidden layers with two units in it, selected based on the hyperbolic tangent activation
function. The output layer consists of one dependent variable and 1 unit. The output layer rescaling
method was also standardized based on the identity activation function. (Table 4.5 (b), 4.5(b) &
4.5(c), Figure 4.3(b) & 4.3(c), Appendix A).

Similar to the regression model, the validated multi-layer perceptron NARX ANN model shows
that the output gap and rainfall are the most important predictor of inflation in Ghana. In
particular, first differenced current values of the output gap (D10OUTGP) (PI=.120; NI=100.0%)
and first differenced one-year lagged values of the output gap (LID1OUTGAP) are the most
significant predictors of inflation in Ghana (PI=.090; NI=75.2%). These are closely followed by
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first difference values of rainfall (D1RAIN) and one-year lagged values of rainfall (L1RAIN), one-
year and two years’ first differenced lagged values of global oil prices (LID1OILPRICES &
L2D10OILPRICES), first differenced values of money supply (D1MS), two-year lagged first
differenced values of rainfall (L2ZD1RAIN) and mobile money (L2D1MOMO), one-year lagged first
difference values of inflation (LID1INFR), the first difference of mobile money (D1MOMO), two-
year lagged first difference of output gap (L2D10OUTGAP), one-year lagged first difference of
money supply (L1DIMS) and mobile money (L1D1MOMO). The least important predictors of
inflation are two-year lagged first difference of money supply (L2D1MS) and inflation (L2ZD1INFR),
and first differenced values of current oil prices (D1OILPRICES). (Figure 4.4(a) below and
Table 4.5(d) & in Appendix A).

Figure 4.4(a): Independent Variables Importance and Normalized Importance for NARX ANN Inflation Model
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Source: Authors (2020).

4.1.8 NARX ANN Inflation Model Performance Plots

The performance plots below show that the best validation performance for the NARX ANN
inflation was 321.5557 and this occurred at epoch 27. There was a total of 33 epochs. Hence, it
seems that the validation performance based on the scaled conjugate algorithm went through
about 27 iterations out of a total of 33 epochs before the MSE to become least or stopped changing
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(Figure 4.4(b)).

Figure 4.4(b): NARX ANN Inflation Model Performance Plot
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Source: Authors (2020).

4.1.9 NARX ANN Inflation Model Regression Plots

The performance of the NARX ANN inflation rates model is validated through regression plots.
The training data set shows the strongest fit with data distribution (R=0.91889). The testing model
rather gave a very poor fit of the data distribution (R=-0.01982). The validation model results
yielded a fairly good fit to the data distribution (R=0.76378). (Figure 4.4(c)).

4.1.8 NARX ANN Inflation Model Error Autocorrelation Plots

Most of the error autocorrelations at all lags fall within the confidence limit with very few outliers.
Hence, the NARX ANN model is likely not suffering from potential outlier problems. (Figure
4.4(d)).
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Figure 4.4(c): NARX ANN Inflation Model Regression Plots
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Figure 4.4(d): NARX ANN Inflation Model Error Autocorrelation Plots
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Source: Authors (2020).

4.1.10 Actual and Predicted Inflation Values based on NARX ANN Model
The NARX ANN model results further indicate that the predicted inflation values deviate quite
substantially from the actual values. (Table 4.5(e), Appendix A).

4.1.11 Prediction Accuracy of NARX ANN Inflation Model

The accuracy of the inflation NARX ANN model was evaluated using the MAE, MSE, RMSE, and
R. The results show that the validation model is less accurate than the testing and training models.
This is because the MAE, MSE, and RMSE associated with the validation model are generally
greater than those of the training and testing models. The Regression R values show a very close
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relationship between the predicted inflation values and their actual values for both the training
and validation data and a rather weak relationship between the predicted inflation values and
their actual values for the testing data.

Table 4.5(f): Prediction Accuracies of NARX ANN Inflation Model based on Training, Testing,
and Validation Data

MAE MSE RMSE R
Training 13.4512 128.10204 11.3182 0.91889
Testing 17.1352 321.55571 17.9320 -0.01982
Validation 19.3124 593.63123 24.3645 0.76378

Source: Authors’ (2020).
4.1.12 SVM Regression Models for Inflation Rates
1. Training

The results from the model training reveal that the cubic kernel is the best SVM kernel function
for predicting inflation rates in the training data (MAE=14.253; MSE=680.13; RMSE=26.079; R-
square=0.49; R=0.70). (Table 4.6(a), below. See Figure 4.5(a) in Appendix A).

Table 4.6 (a): Summary of SVM Model Evaluation Criteria for Training Model using Different Kernel

Functions

Kernel Type MAE MSE RMSE R-squared R
Linear 22.813 1176.8 34.305 0.13 0.36
Quadratic 16.014  744.35 27.823 0.45 0.67
Cubic* 14.253 680.13 26.079 0.49 0.70
Fine Gaussian 13.272  715.67 26.752 0.47 0.69
Medium Gaussian 18.028 899.75 29.996 0.33 0.57
Coarse Gaussian 23.072 1242.0 35.242 0.08 0.28

*Best Kernel

Source: Authors (2020).
2. Testing
The fine Gaussian SVM kernel function predicts inflation rates better than all the other kernel

functions in the testing data (MAE=2.9571; MSE=27.676; RMSE=5.2607; R-squared=0.88;
R=0.938). (Table 4.6(b), See Figure 4.5(b) in Appendix A).
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Table 4.6(b): Summary of SVM Model Evaluation Criteria for Testing Model using Different Kernel

Functions

Kernel Type MAE MSE RMSE R-squared R
Linear 11.564 206.83 14.381 0.10 0.316
Quadratic 7.9896 159.67 12.636 0.31 0.557
Cubic 6.8993 112.53 10.608 0.51 0.714
Fine Gaussian* 2.9571 27.676 5.2607 0.88 0.938
Medium Gaussian 8.2351 158.04 12.572 0.31 0.557
Coarse Gaussian 12.124 234.22 15.304 0.02 0.141

*Best Kernel

Source: Authors (2020).
3. Validation

The fine Gaussian kernel is again the SVM function that best predicts inflation rates in the
validation data much better than all the other kernel functions (MAE=0.80882; MSE=1.681;
RMSE=1.2965; R-squared=0.89; R=0.943). The support vector therefore the optimal hyperplane
for predicting inflation rates. The regression residuals also represent a stochastic process with no
particular trend with is desirable and further accentuates the high predictive power of the SVM
model (Table 4.6(c); Figure 4.5(c) & (d)).

Table 4.6(c): Summary of SVM Model Evaluation Criteria for Inflation Rates Validation Model using
Different Kernel Functions

Kernel Type MAE MSE RMSE R-squared R
Linear 2.114 8.221 2.8672 0.44 0.663
Quadratic 1.3654 4.9154 2.2171 0.67 0.819
Cubic 1.0159 3.9077 1.9768 0.74 0.8602
Fine Gaussian* 0.80882 1.681 1.2965 0.89 0.943
Medium Gaussian 1.8779 6.4031 2.5304 0.57 0.755
Coarse Gaussian 2.8216 12.366 3.5165 0.16 0.4
*Best Kernel

Source: Authors (2020).
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Figure 4.5(c): Inflation Prediction Graph based on Empirical Fine Gaussian SVM Kernel
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Figure 4.5(d): Residuals Inflation Prediction SVM Regression Residuals
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Source: Authors (2020).

4.1.13 Predictor Importance for SVM Inflation Model
1. Training

Output gap and oil prices are the most important predictors of inflation in the training data. The
output gap alone accounts for about 56.81% of inflation in the training data, while oil prices could
explain 35.46% of changes in inflation in the training data. Rainfall and money supply account for
only 2.82% and 4.91%, respectively, of changes in inflation rates in the training data. (Table
4.6(d) & Figure 4.5(e)).
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Table 4.6(d): Predictor Importance for SVM Inflation Model Training Data

Predictors Predictor Importance
D1RAIN 0.0282
DIMS 0.0491
D1OILPRICES* 0.3546
D10OUTGAP* 0.5681

SVM Settings: Stopping criteria=1.0e-3, Kernel Type=Polynomial, Regularization Parameter=10, Regression Precision (¢ =
0.1), RBF y =0.1, Gamma = 1.0, Bias=0.0, Degree=3 * Most Important Predictors

Source: Authors (2020).

Figure 4.5(e): Predictor Importance Graph for SVM Inflation Model Training Data
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Rainfall is the most important predictor, accounting for 35.11% of variations in inflation rates in
the testing data. This is followed by oil prices, and money supply, which could explain 33.13%, and
31.76%, respectively, of changes in inflation rates in the testing data. (Table 4.6(e) & Figure
4.5(f)).

Table 4.6(e): Predictor Importance for SVM Inflation Model Testing Data

Predictors Predictor Importance
DIMS 0.3176
D1OILPRICES 0.3313
D1RAIN 0.3511

SVM Settings: Stopping criteria=1.0e-3, Kernel Type=Radial Basis Function, Regularization Parameter=10, Regression
Precision (¢ = 0.1), RBF y =0.1, Gamma = 1.0, Bias=0.0, Degree=3

Source: Authors (2020).

Figure 4.5(f): Predictor Importance Graph for SVM Inflation Model Testing Data
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The validation model shows that oil prices and money supply remain the most important predictors
of inflation rates, accounting, respectively, for 69.4% and 29.09% of variations in inflation rates.
(Table 4.6(f) & Figure 4.5(g)).

Table 4.6(f): Predictor Importance for SVM Inflation Model Validation Data

Predictor Predictor Importance
DIMOMO 0
D1RAIN 0.0152
D1IMS 0.2909
D1OILPRICES 0.694

SVM Settings: Stopping criteria=1.0e-3, Kernel Type=Radial Basis Function, Regularization Parameter=10, Regression
Precision (¢ = 0.1), RBF y =0.1, Gamma = 1.0, Bias=0.0, Degree=3

Source: Authors (2020).
Figure 4.5(g): Predictor Importance Graph for SVM Inflation Model Validation Data
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4.5 Findings and Discussions

The empirical evidence on the forecasting power of econometric models compared to soft
computing models is mixed. Most studies report that soft computing models (e.g. ANNs and SVMs)
have a greater predictive ability than econometric models (such as traditional Ordinary Least
Squares (OLS) regression (Nti, Adebayo, Adekoya, Weyori, 2019; Nunoo, 2013; Zhang & Liu, 2009)
[551 [571 [79]. A few studies report that standard econometric models better predict macro-
economic data than machine learning algorithms (Rech, 2002) [63]1, while some fail to find any
significant differences in the forecasting abilities of either of the econometric or soft computing
models (Falat et al., 2015) [25].

This study was conducted with two main objectives in mind: To

1. Predict the macro-economic variable of inflation rates in Ghana using Linear OLS
regression, Artificial Neural Networks and support vector machines; and;

2. Compare the forecasting results to ascertain which of the methods best predicts inflation
rates in Ghana.
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The findings of the study are as follows. Firstly, concerning inflation rates prediction in Ghana,
the linear OLS regression results reveal that output gap and rainfall are the most significant
determinants in the training case, whereas the SVM results based on the cubic kernel function
highlighted output gap and oil prices as the most significant predictors of inflation rates in Ghana
in the training case. The multi-layer perceptron NARX ANN model also revealed current and one-
year lagged values of output gap and rainfall as the most important determinants of inflation rates
in Ghana when the training data was used. In the testing case, the linear OLS regression revealed
rainfall and money supply as being the most significant determinants of inflation rates in Ghana,
the NARX ANN unveiled current and one-year lagged values of Output Gap and Rainfall as the
most important predictors of inflation rates, whereas the SVM results based on fine Gaussian
kernel selected Oil prices, Money supply, and rainfall as the most important determinants of
inflation rates in Ghana.

In the model validation phase, the linear OLS regression still detected output gap and rainfall as
the most important predictors of inflation rates in Ghana, the NARX ANN still maintains current
and one-year lagged values of Output Gap and Rainfall as the most important factors influencing
inflation rates, and the SVM Gaussian kernel-based analysis maintains output gap and money
supply as the most significant predictors of inflation rates and drops oil prices which had been
selected in the model testing phase.

Combining the model training, testing, and validation results from the Linear OLS, NARX ANN,
and SVM results would lead us to conclude that current and past (one-year lagged values) of the
output gap, rainfall, and money supply, are the most important predictors of inflation rates in
Ghana. Concerning the output gap, Cheng (2006) [46] states that the output gap determines the
difference in planned outputs of domestic production. The output is primarily of goods intended
for the local market. Consequently, the output gap tests the divergences among the forecast and
the actual output values (Cheng, 2006) [46]. The production deficit harms inflation. This is for the
reason that huge demand deficits often bring about a rise in consumer goods costs, making
domestic production a substantial contributing factor to inflation (AfDB, 2011) [47], In essence,
deficits in Ghana’s production output is the most predominant factor that leads to high inflation
in the country.

Apart from the output gap, this study also finds rainfall and money supply as very important
predictors of inflation rates in Ghana. According to Andrle et al. (2013) [49], rainfall variations
lead to local production fluctuations which trigger food supply shocks. These disruptions to the
market contribute to increased food costs. Inadequate recovery often aggravates food production
and food security impacting the domestic food supply. Inflation’s impact on fuel and non-food
prices has additionally established that rainfall fluctuations play an even greater role in inflation
(Aron et al., 2015) [501,

Money supply is also a very important predictor of inflation rates and this has been reported in
some previous empirical works such as Hadrat et al. (2015) [29].

Concerning the predictive ability of the models, firstly, the NARX ANN outperformed both the
Linear OLS and SVM (cubic and Gaussian kernel) Regressions in the inflation rates training model.
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This is partly consistent with Nunoo (2013) [571 who found the ANN model predicts inflation better
than econometric models such as regression. Moreover, this study finds that the linear OLS
regression trails behind both the NARX ANN and cubic SVM in predicting inflation rates in the
training model. However, the cubic SVM performs better than Linear OLS regression but trails
behind NARX ANN in predicting inflation rates in the training model.

Additionally, the linear OLS regression performs better than NARX ANN but trails behind the fine
Gaussian SVM in predicting inflation rates in the testing model. The NARX ANN trails behind both
the Linear OLS regression and fine Gaussian SVM in predicting inflation rates in the testing model
but the fine Gaussian kernel SVM outperforms both the NARX ANN and OLS regression in the
testing model. These findings partly contradict with Nunoo (2013) [571 and others (Msiza et al.,
2007) 501 but agree with other studies that found econometric methods such as regression to
outperform Artificial Neural Networks (Rech, 2002) 631 and support vector machines to have a
better predictive ability than ANNs (Achanta, 2012[491; Ogcu et al., 20121501; Cao & Tay, 2001151];
Akin et al., 2018152]),

In the model validation phase, the linear OLS regression trails behind both NARX ANN and fine
Gaussian SVM in predicting inflation rates. The NARX ANN, however, performs better than the
Linear OLS regression but lags behind the fine Gaussian SVM in predicting inflation rates in the
validation model. Furthermore, the fine Gaussian SVM performs better than both the NARX ANN
and Linear OLS Regression models in predicting inflation rates in the validation model. However,
the fine Gaussian kernel SVM outperformed both the NARX ANN and OLS regression in both the
inflation rates testing and validation models.

In conclusion, the fine Gaussian SVM model performs better than the cubic SVM kernel, NARX
ANN, and Linear OLS regression models in predicting inflation rates in Ghana. This finding is
partly consistent with Trafalis and Ince (2000)[5331 who found the support vector machine (SVM)
to outperform the Back-propagation and Radial Basis Function (RBF) Networks for financial
forecasting applications. This finding agrees with several previous empirical kinds of literature

49 Achanta, R. (2012). Long Term Electric Load Forecasting using Neural Networks and Support Vector Machines. International
Journal of Computer Science and Technology, 3(1), 266-269.

%0 Ogcu, G., Demirel, O. F., & Zaim, S. (2012). Forecasting Electricity Consumption with Neural Networks and Support Vector
Regression. Procedia - Social and Behavioral Sciences, 58, 1576-1585. doi:10.1016/j.sbspro.2012.09.114

51 Cao, L., & Tay, F. E. (2001). Financial Forecasting Using Support Vector Machines. Neural Computing & Applications, 10,
184-192.

52 Akin, B., Dizbay, 1. E., Giimiisoglu, S., & Giidiicii, E. (2018). Forecasting the Direction of Agricultural Commaodity Price Index
through ANN, SVM and Decision Tree: Evidence from Raisin. Ege Academic Review, 18(4), 579-588. doi:
10.21121/eab.2018442989

53 Trafalis, T., & Ince, H. (2000). Support vector machine for regression and applications to financial forecasting. Proceedings of
the IEEE-INNS-ENNS International Joint Conference on Neural Networks. IJCNN 2000. Neural Computing: New Challenges and
Perspectives for the New Millennium. doi:10.1109/ijcnn.2000.859420
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(e.g., Elbisy, 2016[22]; Dhaoui et al., 2015(20]; Achanta, 20121651; Ogcu et al., 2012 [66]; Cao & Tay,
200110671, Akin et al., 2018[54]),

However, the finding of this study that SVM outperforms the ANN and regression model somehow
contradicts Anwar and Ismal (2011) [81 who found Artificial Neural Networks (ANNSs) to
outperform support vector machines (SVMs) in predicting some macro-economic variables
Indonesia). This study’s finding also disagrees with that of Gharipour et al. (2009) 551 who found
Neural Networks Models to outperform SVMs in predicting a set of macro-economic data on some
Middle East countries.

5. CONCLUSION & RECOMMENDATIONS

5.1 Conclusion

This is the main conclusion drawn based on the study’s findings. Concerning inflation rates
prediction in Ghana, it is concluded that current and past (one-year lagged values) of the output
gap, rainfall, and money supply are the most important predictors. Therefore, to effectively deal
with inflation in Ghana, there is a need to focus on the past values of the output gap, annual rainfall
patterns, and money supply. Concerning the predictive power of the models, the fine Gaussian
SVM model performed better than the cubic SVM kernel, NARX ANN, and Linear OLS regression
models in predicting inflation rates in Ghana in the training, testing, and validation data. Hence,
the fine Gaussian SVM model provides a powerful approach to inflation forecasting in Ghana
beyond the standard econometric techniques that have often been used by the Bank of Ghana.

5.2 Recommendations

To target and manage inflation in Ghana, the Bank of Ghana’s (BoG) inflation targeting model
needs to inculcate the past values of the output gap, annual rainfall patterns, and money supply.
And instead of employing only econometric methods, the BoG is advised to consider employing the
fine Gaussian SVM model since it performed better than the cubic SVM kernel, NARX ANN, and
Linear OLS regression models in predicting inflation rates in Ghana in the training, testing, and
validation data.

5.3 Further Studies

Future studies can focus on predicting macro-economic variables in Africa using Machine
Learning Algorithms and Econometric Techniques. Such a study could study and forecast
additional macro-economic variables in addition to inflation, interest rates, exchange rates, and

5 Akin, B., Dizbay, 1. E., Giimiisoglu, S., & Giidiicii, E. (2018). Forecasting the Direction of Agricultural Commodity Price Index
through ANN, SVM and Decision Tree: Evidence from Raisin. Ege Academic Review, 18(4), 579-588. doi:
10.21121/eah.2018442989

% Gharipour, A., Yousefan, A. & Sameti, M. (2009). Economic Herd Behaviour in some Middle East Countries. Evaluation of
Artificial Neural Networks Approach for Prediction, Proceedings of 2009 International Conference on Economics, Business
Management and Marketing, Singapore, 9-11 October, 2009.
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stock prices across several countries in Africa other than Ghana. Also, machine learning
algorithms such as particle swarm optimization, genetic and evolutionary algorithms, fuzzy logic,
artificial immune systems, and a host of other hybrid computational intelligence methods could be
used in addition to Artificial Neural Networks and support vector machines. The econometrics
methods to employ in such as study should not only be limited to OLS regression but could also
include, Vector Autoregression (VAR) and moving averages (MA) models, Bayesian Global VAR,
Vector Autoregressive Moving Average (VARMA), dynamic factor model (DFM), dynamic
stochastic general equilibrium (DSGE) model, non-parametric Spectral Techniques, Factor Vector
Autoregressive (FAVAR), Univariate autoregressive integrated moving average (ARIMA) models.
The findings from such would not only be very interesting but help in expanding our knowledge
concerning the scope of the predictive ability of machine learning and econometric methods and
allow for very useful cross-country comparisons.
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APPENDIX A

TABLES & FIGURES

Table 4.2 (a): Inflation Rates Regression Model for Training Data

: Heteroskedasticity-corrected, using observations 1961-1984 (T = 24)
Dependent variable: D1INFR

Coefficient Std. Error t-ratio p-value
Const —2.54519 5.07885 —-0.5011 0.6220
D1OILPRICES 1.20947 1.10680 1.093 0.2882
D1OUTGAP —-70.6412 16.2829 -4.338 0.0004 ek
D1RAIN -1.03266 0.364528 —2.833 0.0106 ol
D1MS 0.144313 2.10504 0.06856 0.9461
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Statistics based on the weighted data:

Sum squared resid 81.30909 S.E. of regression 2.068677
R-squared 0.640767 Adjusted R-squared 0.565139
F(4, 19) 8.472620 P-value(F) 0.000423
Log-likelihood —48.69697 Akaike criterion 107.3939
Schwarz criterion 113.2842 Hannan-Quinn 108.9566
Rho —0.270896 Durbin-Watson 2.401796

Statistics based on the original data:

Mean dependent var 0.522703 S.D. dependent var 41.08512
Sum squared resid 22469.56 S.E. of regression 34.38908
Authors (2020).

Table 4.2(b): Regression Model Training Results for Inflation Rates Forecasting

For 95% confidence intervals, t(19, 0.025) = 2.093
Obs D1INFR Prediction std. error 95% interval

1985 -29.3599 -14.9766 13.2881 (-42.7890, 12.8358)
1986 14.2600 -58.6871 20.6002 (-101.804, -15.5704)
1987 15.2497 54.5655 18.0176 (16.8541, 92.2768)

1988 -8.45580 4.73270 7.72361 (-11.4330, 20.8984)
1989 -6.13558 -10.0781 10.7574 (-32.5936, 12.4375)
1990 12.0354 17.1265 10.1834 (-4.18764, 38.4407)
1991 -19.2276 -24.3958 10.5408 (-46.4579, -2.33366)
1992 -7.97532 24,7818 13.6300 (-3.74617, 53.3099)
1993 14.9037 -16.3836 7.87914 (-32.8748, 0.107658)
1994 -8.95870 -2.56171 8.19251 (-19.7088, 14.5854)
1995 34.5913 -4.14002 8.19003 (-21.2820, 13.0019)
1996 -12.9005 -6.42734 5.95818 (-18.8980, 6.04328)
1997 -18.6758 -9.90102 9.28772 (-29.3404, 9.53839)
1998 -13.2610 20.6994 12.0956 (-4.61692, 46.0156)
1999 -2.21550 -14.9040 15.1305 (-46.5725, 16.7644)
2000 12.7846 13.1038 10.1133 (-8.06349, 34.2712)
2001 7.71219 2.16649 8.94248 (-16.5503, 20.8833)
2002 -18.0892 -13.5722 10.8919 (-36.3691, 9.22472)
2003 11.8587 3.33739 13.5475 (-25.0178, 31.6926)
2004 -14.0504 26.5732 20.8103 (-16.9832, 70.1297)
2005 2.49361 9.72072 14.6411 (-20.9234, 40.3648)
2006 -4.20302 6.53098 22.3239 (-40.1935, 53.2554)
2007 -0.182442 11.2382 29.5570 (-50.6254, 73.1018)
2008 5.78942 -44.8656 35.2952 (-118.739, 29.0082)
2009 2.72857 25.5449 22.1871 (-20.8933, 71.9831)
2010 -8.54315 30.6874 35.6675 (-43.9656, 105.340)
2011 -1.98073 11.6544 7.95021 (-4.98560, 28.2944)
2012 -1.60049 -12.2887 6.48644 (-25.8650, 1.28756)
2013 4.53984 -5.21669 20.2718 (-47.6461, 37.2127)
2014 3.82342 -66.3343 50.9827 (-173.042, 40.3737)
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2015 1.66035 2.57041 8.21991 (-14.6341, 19.7749)
2016 0.304665 -13.3769 16.2304 (-47.3475, 20.5937)
2017 -5.08271 18.2363 21.9214 (-27.6457, 64.1183)
2018 -2.53493 -9.47546 6.51183 (-23.1049, 4.15395)
2019 0.000000 -2.54519 5.48399 (-14.0233, 8.93293)
Authors (2020).

Table 4.2(c): Forecast evaluation statistics for Inflation Regression Model for Training Data

Mean Error 0.23322
Root Mean Squared Error 26.803
Mean Absolute Error 19.381
Theil's U 7.3433

Bias proportion, UM 7.5715e-005
Regression proportion, UR 0.79157

Disturbance proportion, UD 0.20835

N=35

Authors (2020).

Figure 4.1: Forecast Graph, Actual Vs Predicted Plot and Residuals Graph for Inflation Regression Model
using Training Data
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Table 4.3 (a) Inflation Rates Regression Model for Testing Data

: Heteroskedasticity-corrected, using observations 1985-2004 (T = 20)

Dependent variable: D1INFR

Coefficient Std. Error t-ratio p-value
Const 0.972456 3.03723 0.3202 0.7532
D1OILPRICES 0.378491 0.540174 0.7007 0.4942
D1OUTGAP —-5.19541 21.3353 —0.2435 0.8109
D1RAIN —-0.230973 0.130908 -1.764 0.0980 *
D1MS —2.86443 0.551250 -5.196 0.0001 Fkk
Statistics based on the weighted data:
Sum squared resid 61.25621 S.E. of regression 2.020828
R-squared 0.771833 Adjusted R-squared 0.710989
F(4, 15) 12.68535 P-value(F) 0.000104
Log-likelihood —39.57210 Akaike criterion 89.14420
Schwarz criterion 94.12286 Hannan-Quinn 90.11609
Rho —0.091883 Durbin-Watson 1.985673
Statistics based on the original data:
Mean dependent var —1.795493 S.D. dependent var 16.22834
Sum squared resid 4188.216 S.E. of regression 16.70971

Authors (2020).

Table 4.3(b): Regression Model Testing Results for Inflation Rates Forecasting

For 95% confidence intervals, t(15, 0.025) = 2.131

D1INFR prediction std. error 95% interval

1983

100.578948

1984

-83.209201

1985

-29.359873

-8.492638

1986

14.259975

-0.225308

1987

15.249652

0.764368

1988

-8.455800

1.364730

1989

-6.135576

-6.466510

1990

12.035374

13.017454

1991

-19.227627

-8.049564

1992

-7.975322

-7.519865

1993

14.903726

-0.209168

1994

-8.958704

-6.644075
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1995 34.591298 3.506609

1996 -12.900534 2.982280

1997 -18.675811 -10.785574

1998 -13.261042 9.580702

1999 -2.215498 -4.273570

2000 12.784550 -7.810394

2001 7.712190 -7.338573

2002 -18.089169 -8.803774

2003 11.858710 12.017180

2004 -14.050376 4.198388

2005 2.493612 6.614338 3.558804 -0.971075-14.199750

2006 -4.203016 29.494510 4.509380 19.882994 -39.106025

2007 -0.182442 -0.343485 10.536151 -22.800758 -22.113789

2008 5.789415 -17.135956 20.515525 -60.863763 - 26.591852

2009 2.728571 6.763433 7.620288 -9.478825 - 23.005691

2010 -8.543146 7.678494 13.884046 -21.914649 -37.271637

2011 -1.980731 1.669896 2.642138 -3.961688 -7.301480

2012 -1.600487 -1.050939 5.783549 -13.378282 -11.276405

2013 4.539842 23.273369 10.693822 0.480027 - 46.066711

2014 3.823424 -24.250033 28.192983 -84.341953 - 35.841886

2015 1.660353 -4.555810 6.060236 -17.472897 - 8.361278

2016 0.304665 -2.260277 3.627093 -9.991242 -5.470688

2017 -5.082713 9.615290 6.766361 -4.806868 -24.037448

2018 -2.534929 -1.196297 6.317312 -14.661329 -12.268734

2019 0.000000 0.972456 3.648084 -6.803252 -8.748164

Forecast evaluation statistics using 15 observations

Mean Error -2.5384

Root Mean Squared Error  14.998

Mean Absolute Error 10.531

Theil's U 3.6019
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Bias proportion, UM 0.028645

Regression proportion, UR  0.91792

Disturbance proportion, UD 0.053438

N=15

Authors (2020).

Figure 4.2: Forecast Graph, Actual Vs Predicted Plot and Residuals Graph for Inflation Regression Model
using Testing Data
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Table 4.3 (c) Inflation Rates Regression Model for Validation Data

Model 12: Heteroskedasticity-corrected, using observations 1961-2004 (T = 44)

Dependent variable: D1INFR

Coefficient Std. Error t-ratio p-value
Const 0.387779 3.56540 0.1088 0.9139
D1OILPRICES 0.350301 0.790275 0.4433 0.6600
D1OUTGAP —45.3543 18.9525 —2.393 0.0216 *x
D1RAIN —0.433080 0.246492 -1.757 0.0868 *
D1MS —0.936861 1.37148 —0.6831 0.4986

Statistics based on the weighted data:

Sum squared resid 105.3283 S.E. of regression 1.643388
R-squared 0.194101 Adjusted R-squared 0.111445
F(4, 39) 2.348294 P-value(F) 0.071178
Log-likelihood —81.63693 Akaike criterion 173.2739
Schwarz criterion 182.1948 Hannan-Quinn 176.5822
Rho —0.267918 Durbin-Watson 2.504531

Statistics based on the original data:

Mean dependent var —0.531022 S.D. dependent var 31.94696
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Sum squared resid 28305.28 S.E. of regression 26.94024

Regression Model Validation Results for Inflation Rates Forecasting

For 95% confidence intervals, t(39, 0.025) = 2.023

Year DIINFR prediction std. error 95% interval

1983 100.578948 59.065956

1984 -83.209201 -14.911599

1985 -29.359873 -4.510796

1986 14.259975 -39.441225

1987 15.249652 39.926579

1988 -8.455800 2.418671

1989 -6.135576 -5.713424

1990 12.035374 11.976604

1991 -19.227627 -10.164676

1992 -7.975322 7.229250

1993 14.903726 -4.601627

1994 -8.958704 -2.498525

1995 34.591298 0.048523

1996 -12.900534 0.028234

1997 -18.675811 -4.901892

1998 -13.261042 10.308375

1999 -2.215498 -7.621916

2000 12.784550 3.591051

2001 7.712190 -1.101391

2002 -18.089169 -7.479599

2003 11.858710 4.661528

2004 -14.050376 8.645487

2005 2.493612 4.509204 8.114947 -11.904826 - 20.923234

2006 -4.203016 11.755161 13.951971 -16.465365 - 39.975686

2007 -0.182442 -0.210595 19.371607 -39.393369 - 38.972178

2008 5.789415 -13.884378 27.378198 -69.262010 - 41.493254
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2009 2.728571 8.792269 13.169927 -17.846423 - 35.430962

2010 -8.543146 8.235898 23.144917 -38.579115 - 55.050911

2011 -1.980731 5.103150 4.586418 -4.173755 - 14.380055

2012 -1.600487 -2.949895 5.877189 -14.837632 - 8.937842

2013 4539842 9.011215 16.381378 -24.123249 - 42.145679

2014 3.823424 -21.052034 38.271122 -98.462685 - 56.358617

2015 1.660353 1.930279 8.509268 -15.281339 - 19.141898

2016 0.304665 -6.714495 10.023347 -26.988628 - 13.559639

2017 -5.082713 7.126380 13.098047 -19.366920 - 33.619680

2018 -2.534929 -1.619447 6.755114 -15.282955 - 12.044060

2019 0.000000 0.387779 3.925913 -7.553130 - 8.328688

Forecast evaluation statistics using 15 observations

Mean Square Error 123.6099

Root Mean Squared Error ~ 11.118

Mean Absolute Error 7.94
Theil's U 3.0609
Bias proportion, UM 0.0062721

Regression proportion, UR ~ 0.90497

Disturbance proportion, UD 0.088761

Authors (2020).

Table 4.5(b): Network Information on NARX ANN Inflation Model

Input Layer Covariates 1 L1D1INFR
2 L2D1INFR
3 D1OILPRICES
4 L1D1OILPRICES
5 L2D1OILPRICES
6 D1OUTGAP
7 D1RAIN
8 L1D1RAIN
9 D1MOMO
10 L1D1IMOMO
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11 D1MS
12 L1DIMS
13 L2D1MS
14 L2D1MOMO
15 L2D1RAIN
16 L1D1OUTGAP
17 L2D1OUTGAP
Number of Units® 17
Rescaling Method for Covariates Standardized
Hidden Layer(s) Number of Hidden Layers 1
Number of Units in Hidden Layer 12 2
Activation Function Hyperbolic tangent
Output Layer Dependent Variables 1 D1INFR
Number of Units 1
Rescaling Method for Scale Dependents Standardized
Activation Function Identity
Error Function Sum of Squares

a. Excluding the bias unit
Authors (2020).

Table 4.5(c): NARX ANN Inflation Model Parameter Estimates

Predicted
Hidden Layer 1 Output Layer

Predictor H(1:1) H(1:2) D1INFR
Input Layer (Bias) -1.184 .596
L1D1INFR -.196 -.277
L2D1INFR -.232 .060
D1OILPRICES -.025 -.040
L1D1OILPRICES -.630 .637
L2D1OILPRICES -.794 .509
D1OUTGAP -.533 -.576
D1RAIN .994 -.071
L1D1RAIN 119 .594
D1MOMO .529 -.112
L1DIMOMO .070 -.176
D1MS -1.072 .357
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L1D1IMS .694 -.261
L2D1MS -.179 .005
L2D1IMOMO .469 -.489
L2D1RAIN .715 141
L1D1OUTGAP 714 -.131
L2D10OUTGAP .533 -.029
Hidden Layer 1 (Bias) .335
H(1:1) 1.227
H(1:2) 1.029

Authors (2020).

Table 4.5(d): Independent Variable Importance for NARX ANN Inflation Model

Predictor Importance

(PI) Normalized Importance (NI)
L1D1INFR .063 52.5%
L2D1INFR .012 9.8%
D1OILPRICES .009 7.7%
L1D1OILPRICES .080 66.4%
L2D1OILPRICES .070 58.6%
D1OUTGAP .120 100.0%
D1RAIN .083 69.1%
L1D1RAIN .083 68.9%
D1IMOMO .059 49.4%
L1DIMOMO .020 16.5%
D1MS .070 58.5%
L1D1IMS .043 35.5%
L2D1MS .014 11.8%
L2D1MOMO .067 55.7%
L2D1RAIN .068 56.5%
L1D1OUTGAP .090 75.2%
L2D10OUTGAP .049 40.9%

Authors (2020).
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Table 4.5(e): Actual and Predicted Inflation Values based on NARX ANN Model

YEAR
1960.0
1961.0
1962.0
1963.0
1964.0
1965.0
1966.0
1967.0
1968.0
1969.0
1970.0
1971.0
1972.0
1973.0
1974.0
1975.0
1976.0
1977.0
1978.0
1979.0
1980.0
1981.0
1982.0
1983.0
1984.0
1985.0
1986.0
1987.0
1988.0
1989.0
1990.0
1991.0
1992.0
1993.0
1994.0
1995.0
1996.0
1997.0

D1INFR

0.000
16.371
6.234
5.186
-11.420
-17.047
-13.207
-21.660
16.317
-0.578
-4.287
6.529
0.508
7.616
0.452
11.690
26.257
60.369
-43.359
-18.650
-4.371
66.433
-94.208
100.579
-83.209
-29.360
14.260
15.250
-8.456
-6.136
12.035
-19.228
-7.975
14.904
-8.959
34.591
-12.901
-18.676

D1INFRPredicted
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1998.0 -13.261
1999.0 -2.215
2000.0 12.785
2001.0 7.712
2002.0 -18.089
2003.0 11.859
2004.0 -14.050
2005.0 2.494 5.522
2006.0 -4.203 2.777
2007.0 -0.182 4.425
2008.0 5.789 6.874
2009.0 2.729 5.619
2010.0 -8.543 0.997
2011.0 -1.981 3.688
2012.0 -1.600 3.844
2013.0 4.540 6.361
2014.0 3.823 6.068
2015.0 1.660 5.181
2016.0 0.305 4.625
2017.0 -5.083 2.416
2018.0 -2.535 3.461
2019.0 0.000 4.500
Authors (2020).

Figure 4.3(b): NARX ANN Model Output
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Figure 4.3(c): NARX ANN Model under Training in MATLAB
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Authors (2020).

Figure 4.5(a): Cubic SVM Regression Model for Inflation Training Data

Predictions: model 1.3 (Cubic SVM)
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Authors (2020).
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Figure 4.5 (b): Fine Gaussian SVM Regression Model for Inflation Testing Data
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