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Abstract

Autoregressive Integrated Moving Average (ARIMA) is one of the popular linear models
in time series forecasting during the past three decades. Recent research activities in
forecasting with Artificial Neural Networks (ANN) suggest that ANN can be a promis-
ing alternative to the traditional linear methods. ARIMA models and ANN are often
compared with mixed conclusions in terms of the superiority in forecasting performance.
In this thesis, a hybrid methodology that combines both ARIMA and ANN models is also
proposed to take advantage of the unique strength of ARIMA and ANN models in linear
and nonlinear modeling. Experimental results with real datasets indicate that the com-
bined model can be an effective way to improve forecasting accuracy achieved by either

of the models used separately.



Resumé

Autoregressive Integrated Moving Average (ARIMA) est I'un des modeles linéaires les
plus populaires dans la prévision de séries chronologiques au cours des trois dernieres
décennies. Activités de recherche récentes en prévision avec Artificial Neural Net-
work (ANN) suggerent que ’ANN peut étre une alternative prometteuse aux méthodes
linéaires traditionnelles. Les modéles ARIMA et ANN sont souvent comparés avec des
conclusions mitigées en termes de supériorité des performances de prévision. Dans cette
these, une méthodologie hybride combinant les modeles ARIMA et ANN est également
proposée pour tirer parti de la force unique des modeles ARIMA et ANN en modélisation
linéaire et non linéaire. Les résultats expérimentaux avec des ensembles de données
réels indiquent que le modele combiné peut étre un moyen efficace d’améliorer la préci-

sion des prévisions obtenue par I'un ou I'autre des modeéles utilisés séparément.



Abbreviation and Notations

AR — Autoregressive
MA — Moving Average

p — The number of past values included in the AR model, or the size of the Autore-

gressive window.

q — The number of past forecast errors included in the MA model, or the size of the

moving average window.

d — The number of times the time series is differenced.
¢ — AR Parameters

0 — MA Parameters

¢ — AR Estimated Parameters

6 — MA Estimated Parameters

o — Standard Deviation (variance)

Estimated Deviation

S
l

e — Error
p — Autocorrelation
Yy — Partitial Autocorrelation

R — The rescaled Residuals



W —  White Noise Standard Deviation.
e.g., — For Exemple (from latin)

i.e., — This is (from latin)

VX; — The differenced time series

PACF — Partial Autocorrelation

ACF — Autocorrelation

AIC — Akaike Information Criterion

BIC — Bayesian Information Criterion
ANN — Artificial Neural Networks

F — Activation Function

L; — Linear Component

N; — Nonlinear Component

f  — Nonlinear function of preceding Residuals
N; — Nonlinear Component Estimated

L, — Linear Component Estimated

¢ — Mean of the ¢

MSE — Mean Squared Error

MSE — Mean of the Mean Squared Error
6 — Mean of the d

BTC — Bitcoin
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Introduction

Forecasting is indispensable across finance and numerous other fields, allowing orga-
nizations and individuals to make well-informed decisions based on anticipated future
conditions. In the realm of finance, accurate forecasting is critical for managing risks,
efficiently allocating resources, and maximizing returns. It enables investors to predict
market trends, assess the feasibility of investments, and strategize to mitigate poten-
tial losses. For businesses, forecasting aids in budgeting, financial planning, and setting
achievable sales targets. Beyond finance, forecasting plays equally vital roles in diverse
sectors such as supply chain management, public health, and environmental science

Abu-Mostafa and Atiya (1996).

Time series forecasting is a powerful technique that relies on historical data points or-
dered chronologically to predict future values. By analyzing patterns and trends within
the data, practitioners can make informed predictions about future outcomes. This
method is particularly valuable when there is limited knowledge about the underlying
data generation process or when traditional explanatory models are inadequate Chat-

field (2000).

Key methodologies in time series forecasting include the autoregressive integrated mov-
ing average (ARIMA) model and artificial neural networks (ANNs). The ARIMA model is
favored for its statistical rigor and the structured approach of the Box-Jenkins method-
ology. However, its reliance on linear relationships limits its ability to capture complex,
nonlinear patterns that often characterize real-world data. On the other hand, ANNs
offer flexibility by adaptively forming models based on data features, making them suit-

able for scenarios where theoretical guidance is lacking.

Recognizing the limitations and strengths of individual models, hybrid approaches have

15



emerged as a strategy to enhance forecasting accuracy. Hybrid models combine the
strengths of ARIMA and ANN models to leverage their complementary capabilities. By
integrating these approaches, hybrid models can effectively capture both linear and non-
linear patterns in time series data, thereby improving forecasting accuracy and robust-

ness against structural changes in the data.

Empirical studies and forecasting competitions have consistently demonstrated the ef-
fectiveness of combining multiple forecasting models. This approach mitigates the risk of
relying on a single model that may not adequately capture the diverse patterns present
in real-world data. Moreover, the combined model approach enhances forecasting perfor-
mance across various applications, from financial markets to public health planning and

environmental monitoring.

In this thesis, we propose an exploration of ARIMA, ANN, and hybrid models for time se-
ries forecasting. The thesis will delve into detailed reviews of ARIMA and ANN method-
ologies, introduce the hybrid modeling approach in chapter 3, and present empirical re-
sults from real datasets in chapter 4. The goal is to contribute to advancing forecasting
techniques by integrating complementary modeling approaches, thereby enhancing the

accuracy and applicability of time series forecasting in practical scenarios.

16



Chapter 1

AutoRegresive Integrated Moving

Average (ARIMA) Model

1.1 Introduction

Time series have already played an important role in the early natural sciences.
Babylonian astronomy used time series of the relative positions of stars and planets to
predict astronomical events. Observations of the planets movements formed the basis of

the laws JOHANNES KEPLER discovered.

The analysis of time series helps to detect regularities in the observations of a variable
and derive ‘laws’ from them, and/or exploit all information included in this variable to

better predict future developments.

The basic methodological idea behind these procedures, which were also valid for the
Babylonians, is that it is possible to decompose time series into a finite number of
independent but not directly observable components that develop regularly and can

thus be calculated in advance.

17



For this procedure, it is necessary that there are different independent factors which

have an impact on the variable.

In the middle of the 19th century, this methodological approach to astronomy was taken
up by the economists CHARLES BABBAGE and WILLIAM STANLEY JEVONS. The
decomposition into unobserved components that depend on different causal factors, as it
is usually employed in the classical time series analysis, was developed by WARREN M.

PERSONS (1919). He distinguished four different components:

¢ A long-run development, the trend,;

A cyclical component with periods of more than one year, the business cycle;
* A component that contains the ups and downs within a year, the seasonal cycle;

* A component that contains all movements which neither belong to the trend nor to

the business cycle nor to the seasonal component, the residual,

Under the assumption that the different non-observable factors are independent, their
additive overlaying generates the time series which we can, however, only observe as a
whole.

In order to get information about the data generating process, we have to make assump-
tions about its unobserved components.

The classical time series analysis assumes that the systematic components, i.e. trend,
business cycle and seasonal cycle, are not influenced by stochastic disturbances and can
thus be represented by deterministic functions of time. Stochastic impact is restricted to
the residuals, which, on the other hand, do not contain any systematic movements.

It is therefore modelled as a series of independent or uncorrelated random variables
with expectation zero and constant variance, i.e. as a pure random process. Geb-

hard Kirchgassner (2007)

18



1.2 Stochastic Processes

¢ A Stochastic Process is a collection of random variables

{leXOaXlaXQ,'-'7XT9"'}

e An observed series {x1,x9,...,x7} - realizations of a stochastic process.

1.2.1 Nonlinear and Linear time series

1.2.1.1 Linear Time Series

A scalar process X; is a linear time series if it can be written as

o0
Xt:[,l,-l' Z Vi€s—i, 1.2.1)

[=—00

Where p and v; are a sequence of constants with

f v <oo, {ef~ii.d N(0,02) (1.2.2)
i=—00

i.e., & is a sequence of independent and identically (i.i.d.) random variables with mean
zero and finite variance o2. Such a sequence is also referred to as strict white noise as
opposed to weak white noise, which is a stationary sequence of uncorrelated random
variables. Obviously the requirement that ¢; is i.i.d. is more restrictive than that this
sequence is serially uncorrelated. Independence implies that third and higher-order
non-contemporaneous moments of ¢; are zero, i.e., E(¢;_;€;—;) = 0 Vi,j # 0, and similarly
for fourth and higher-order moments. When ¢; is assumed to be Gaussian distributed,

the two concepts of white noise coincide .

More generally, the above concepts of white noise are in increasing degree of “whiteness”

part of the following classification system:

19



{e;} is said:

(i) Weak white noise: If
{Et} ~ WN(O’ Ug)’ i'e'7 [E(Et) = 0’
o if 1=0,
Ye(l) = Eesesy) =

0 otherwise

(i) Strict white noise: If

{e~ id.d N(O,0?).
(iii) Gaussian white noise: If

{e~ id.d N(0,02).

The process {X;,t € Z} is said to be linear causal if y; =0 Vi < 0, i.e., if

(o] (e8]
X;=Y wieri, where Y yi®<oo, {e} ~ ii.d N(0,02) (1.2.3)
i=1 i=1

Now suppose that {e;} ~WN (0,0’2) in (1.2.3). In that case the best mean square predictor
may not coincide with the best linear predictor. Moreover, under this assumption, the
complete probabilistic structure of {¢;} is not specified: Thus, nor is the full probabilistic
structure of X;. Also, by virtue of {€;} being uncorrelated, there is still information left
in it. A partial remedy is to impose the assumption that {X;,¢ € 7} is a Gaussian process,

which implies that the process {¢;} is also Gaussian. Hence, (1.2.3) becomes de Gooijer

(2017):
o8] [&°)
Xi=e+ ) yieri, where Y yii<oo, {eg ~ iid N(0,09) (1.2.4)
i=1 i=1

1.2.1.2 Nonlinear Time Series

Definition 1 ( Formal definition ). A nonlinear process is any stochastic process that

is not linear. To this aim, a linear process must be defined. Realizations of time-series

20



processes are called time series but the word is also often applied to the generating

processes.

Definition 2 ( Intuitive definition ). Nonlinear time series are generated by nonlin-
ear dynamic equations. They display features that cannot be modelled by linear pro-
cesses: time-changing variance, asymmetric cycles, higher-moment structures, thresholds

and breaks.

Remark 1 It is impossible to distinguish perfectly between linear and nonlinear pro-
cesses or, put it in another way, given a finite series, it is always possible to find a good

description for it by means of a linear model, possibly of sufficiently high order.

1.2.2 Stationarity

A stationary time series has properties that do not depend on the time at which the

series is observed. In contrast, non-stationary time series have properties that vary over
time (Peter J. Brockwell (2002)).
1.2.2.1 Covariance - Stationary
Definition 3 A Stochastic process {X;} is covariance - stationary (weak stationary) if:
() ElXi=u, Vit
(i) Cov(Xy,Xi-j) = ElX; —w(Xi—j— =y, ¥ t,j
Remark 2
1. Mean is time-invariant
2. Cov(X;,X;_j)=7(j) (Covariance doesn’t depend on t).
3. Var(X;)=y(0) (variance is also constant).

4. Tt is weak stationarity because it only relates to the first two moments. Higher

moments can be time-variant.
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Exemple 1 Let {X;} with E(X;)=0, Var(X;) =02, and E(X;X;) = white noise (WN)
1. X, ~i.i.d N(0,0%) = independent white noise.

2. X;~i.i.d N(0,0%) = Gaussian white noise. Suda (2013)

1.2.2.2 Strict (Strong) Stationary

Definition 4 A Stochastic process {X;} is (strictly / strongly) stationary if for any value of
J1,J2;---,Jn the joint distribution of (X, X¢+j,,X¢4jy,...,X¢+j,) depends only on the inter-

vals separating the dates (j1,Jo,...,J») and not on date itself (t).
e VT ) t17t2>"'atn: FX(titha"'thn) :FX(Xt1+T’Xt2+T7"'ath+T)
Where F, is the joint distribution function.

e If a process is strictly stationary with a finite second moment it is also covariance-

stationary.

* Normality = strong stationarity: whole distribution depends on the first two

moments. Suda (2013)

1.2.3 Tests for Stationarity in Time Series

1.2.3.1 Dickey Fuller Test

Dickey Fuller test is a statistical test that is used to check for stationarity in time series.
This is a type of unit root test, through which we find if the time series is having any

unit root. Santra (2023)

Unit root is a feature of time series that indicates if there is any stochastic trend in
the time series that drives it away from its mean value. Presence of unit root makes a
time series non-stationary and as a result it leads to difficulties in deriving statistical
inferences from the time series and future predictions. Dickey Fuller test assumes a

AR(1) type time series model and it is represented mathematically as,

Xi=pu+P1 X 1+e
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After we subtract X;_1 from both side, we get:

AXt = [.l+6Xt_1 + &

where, ¢: Coefficient

X;-1: Value in the time series at lag of 1

g;: is the Error component,

SE: is a Standard Error,

t: Represents a time trend (if included),

A:The difference between the true (population) mean y and the lower bound of your null

hypothesis.

P-Value : Or probability value, is a number describing how likely it is that your data
would have occurred under the null hypothesis of your statistical test. and 7 Is the test

statistic.

The beta (f) coefficient is the degree of change in the outcome variable for every 1-unit
of change in the predictor variable. The t-test assesses whether the beta coefficient is

significantly different from zero.

The test statistic formula is:

Sy

Tg= —— (1.2.5)
SE()
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1.2.3.2 Augmented Dickey Fuller(ADF) Test

Augmented Dickey Fuller(ADF) test is an extension of Dickey Fuller test for more com-
plex models than AR(1). The primary difference between the two tests is that the ADF is
utilized for a larger sized set of time series models which can be more complicated. Aug-
mented Dickey Fuller test assumes a AR(p) type time series model and it is represented

mathematically as, Santra (2023)

p
Xt:ﬂ+Z(piXt_1+Et (126)
i=1

After we subtract X;_; from both side, we get:

p
AXt:u+6Xt—l+ZﬁiAYt—l+gt (1.2.7)
i=1

ADF is the same equation as the DF with the only difference being the addition of differ-

encing terms representing a larger time series.

The test statistic formula is:

A

B
Tﬁ' = ~
 SE(B;)

(1.2.8)

Assumptions

The test is conducted under following assumptions:

1. Null Hypothesis (Hp): There exists a unit root in the time series and it is non-

stationary. Unit root =10or6 =0
2. Alternate Hypothesis (H1): There exists no unit root in the time series and it is

stationary. Unit root <1 or 6 <0

1.2.3.3 Condition to reject Hy and accept H;

If the test statistic is less than the critical value or if the p-value is less than a pre-
specified significance level (e.g., 0.05), then the null hypothesis is rejected and the time

series is considered stationary.
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1.3 ARIMA Models

1.3.1 Backshift and Forward operators

Definition 5 We define the backshift operator by

BX; =X 1

and extend it to powers B2X; = B(Bx,)=BX;_1=X;_2, and so on. Thus,
B*X, =X, (1.3.1)
Definition 6 Differences of order d are defined as

ViX,=(1-B)*X,=X; - X;_g, (1.3.2)

where we may expand the operator (1—B)® algebraically to evaluate for higher integer

values of d. When d = 1, we drop it from the notation (Douglas C. Montgomery (2015)).

1.3.2 Autoregressive Models (AR)

Definition 7 {X;} is a autoregressive process of order p if :

Xi=¢p1Xi1+PoXs o+ -+ ¢, X p+er, € ~WN(O,0?) (1.3.3)

where X; is stationary, and ¢1, ¢z, ..., ¢, are constants (¢, # 0). Although it is not
necessary yet, we assume that ¢; is a Gaussian white noise series with mean zero and
variance o2, unless otherwise stated.

The mean of &; (1.3.3) is zero.

If the mean, p, of X; is not zero, replace X; by X; - pin (1.3.3),
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Xi—pu=p1( X1 -+ PaXp2— )+ + Pp( Xy p — )+ &

or write

Xt:a+(,let—l+¢)2Xt—2+"'+(pprt—p + & (1.3.4)

where a = (1 —¢p1—---—pp)

Some technical difficulties, however, develop from applying that model because the re-
gressors, X;_1,...,X;_p, are random components, where as z; was assumed to be fixed.
A useful form follows by using the backshift operator (1.3.1 ) to write the AR(p) model,
(1.3.3), as

(1-¢1B—¢aB*—---—¢p,BP)X; = ¢, (1.3.5)

or even more concisely as

PBX; = e, (1.3.6)

The properties of ¢p(B) are important in solving 1.3.6 for X;. This leads to the following

definition.
Definition 8 An autoregressive operator is defined to be

®B)=1- 1B —paB*—---—,BP. (1.3.7)

We initiate the investigation of AR models by considering the first-order model, AR(1),

given by X; = ¢X;_1 + &;. Iterating backwards k times, we get

X=X 1+e=Pp(PpX; o +€4-1) + &
= p? X g+ per1 &
\ E-1
:(p Xt—k+ Z(JT/EL‘_J‘
7=0
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This method suggests that, by continuing to iterate backward, and provided that |¢| < 1

and X, is stationary, we can represent an AR(1) model as a linear process given by
m .
Xi=) de (1.3.8)
j=0

Note that limy, .00 E(X; — X2 ¢/ £1-)? = limg— 400 p** E(X} ) = 0,

So the (1.3.8) exists in the mean square sense.

The AR(1) process defined by (1.3.8) is stationary with mean

EX)=Y ¢erj
j=0

and autocovariance function,

Y(R) = covX 11, X) = EIY. ¢ erin )Y dterp)]
J=0 k=0

=El(epsn+---+ e+ " e 1 +.. )er + pey)] (1.3.9)

2 ph
0P

—~£—, h=0
1-¢?’

200 h+j 7 2 hoo 27
=0l ¢ =0l Y pV =
J=0 J=0

Recall that y(h) = y(-h), so we will only exhibit the autocovariance function for h > 0.

from 1.3.9, the ACF of an AR(1) is

p(h) = %‘; =¢", h=0, (1.3.10)

and p(h) satisfies the recursion

pth)y=¢pph-1), h=12 ...,
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1.3.3 Moving Average Models (MA)

Definition 9 {Y;} is a moving average process of order q if :

Y;=e;+0161+026 9+ +0,6i_q, & ~WN(0,0?) (1.3.11)

where there are q lags in the moving average and 01,0q,...,0, (6, # 0) are parameters.
Although it is not necessary yet, we assume that &; is a Gaussian white noise series with

mean zero and variance o2, unless otherwise stated.

Definition 10 the moving average operator is

0(B)=1+913+9132+"'+613p (1.3.12)

Unlike the autoregressive process, the moving average process is stationary for any values

of the parameters 01,...,04, details of this result are provided in 1.3.6

1.4 Case Studies and Practical Examples

1.4.1 Real-world Applications of ARIMA

ARIMA models are widely used in various fields for time series forecasting. Examples

include:
¢ Stock Market Predictions: Forecasting stock prices and indices.

* Weather Forecasting: Predicting temperature, precipitation, and other weather-

related variables.

* Sales Forecasting: Predicting future sales for inventory management and plan-

ning.
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1.4.2 Industry-specific Forecasting Examples

Different industries have specific requirements and use cases for forecasting. Some ex-

amples include:
* Finance: Risk management, portfolio optimization, and economic forecasting.

* Retail: Demand forecasting, inventory management, and supply chain optimiza-

tion.

¢ Healthcare: Patient admission rates, resource allocation, and disease outbreak

prediction.

1.4.3 ARIMA Model Description

The ARIMA (AutoRegressive Integrated Moving Average) model is a widely used sta-
tistical method for analyzing and forecasting time series data. It integrates three key
components: autoregression (AR), differencing (I for "integrated"), and moving average
(MA). The AR component involves using the dependency between an observation and a

number of lagged observations. Mathematically, it is represented as:

p
Xt:a+Z(PiXt_i+€t, (141)
1=1

where X; is the value at time ¢, a is a constant, ¢; are the coefficients for the lagged

terms, and ¢; is the error term at time ¢.

The I component refers to differencing the series to achieve stationarity, which involves
subtracting the current observation from the previous observation. For first-order differ-
encing, it is given by:

ANX, =X, - Xy 1. (1.4.2)

The MA component models the error term as a linear combination of past error terms,
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formulated as:

q
Xt:ll+€t+zgj€t_j, (1.4.3)

J=1
where p is the mean of the series, 0; are the coefficients for the past error terms, and ¢;_;

are the past error terms.

Combining these components, the general form of an ARIMA model is:

p
NXy=a+ ) GiA X i+e+ ) 0jerj, (1.4.4)

q
=1

=1 J
where p is the number of lag observations (autoregressive part), d is the degree of dif-
ferencing needed to make the series stationary, and q is the size of the moving average
window. This model is effective in capturing various patterns in time series data, mak-

ing it a powerful tool for forecasting future values in fields like finance, economics, and

environmental science.

1.4.4 Auto - correlation Partial Auto - correlation

Definition 11 Auto - correlation function (ACF)

) . )
rno =" aqutocorrelation = corr(X,Y;—;)

(

Pj

~<
N

e For AR(1), pj=¢pj-1
e ACFe<-1,1>.

Definition 12 The partial autocorrelation function (PACF) of a stationary process,

Xy, denoted ¢pp, for h=1,2,...,1s

P11 =corr(Xs11,Xy) = p(1) (1.4.5)

and

dnn = corrXpyn — Xovn, Xe —Xy), h=2. (1.4.6)
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Both (X, —X;+1) and (X, - X,) are uncorrelated with {X;,1,...,X;ss_1}. The PACF, ¢pp,
is the correlation between X;, 5 and X; with the linear dependence of {X;,1,...,X;41-1} on
each, removed. If the process X; is Gaussian, then ¢y = corr(Xsip, Xl Xi+1,. ., Xt1h-1);
that is, ¢y, is the correlation coefficient between X;.; and X; in the bivariate distribu-

tion of (X;,,X;) conditional on {X;,1,...,Xsin_1}.

Definition 13 k%" - order partial autocorrelation is regression coefficient (for the popula-

tion) ¢rr, in k" - order autoregression

Xi=c+Pp1Xi1+PpaXs o+ -+ PpppXsp + &

It measures how important is the last lag in the process (Peter J. Brockwell (2006)).

1.4.5 Sample autocorrelation function (ACF)

5
Y=5 20t
Tia
T
7i== Y. (3 —¥(y—j—3) sample auto covariance estimate
Tt:j+1
__70) .
0j= = autocorrelation
1(0)

1.4.6 partial autocorrelation function (PACF)

The partial autocorrelation function (PACF) of an ARMA process {X;} function a(.)
defined by the equations
a(0)=1

and

alh)=¢pp, h=1,
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where ¢, is the last component of

¢bp = F;_le

Ty =[yG- NI ._,, and v, = [y(1),y(2),...,yR)].

i,j=1’
For any set of observations {x1,...,x,} with x; # x; for some i and j , the sample PACF
a(h) is given by
a(0)=1

and

al0) = ppn, h=1,

where ¢y, is the last component of

dnn =17y

1.4.7 Estimation

In this section we shall consider some of mant techniques for preliminary estimation of
the parameters ¢1,...¢,,01,...,04, and o2.
From observations x1,...,x,, of the causal and invertible Gaussian ARMA(p, q) process
defined by:

H(B)X; =0B)e;, fe} ~WN(0,02) (1.4.7)

1.4.8 Maximum likelihood

maximum likelihood is a powerful and widely applicable method for estimating the
parameters of statistical models based on observed data, leveraging the principle of

maximizing the likelihood of observing the data under different parameter settings.

¢ Likelihood Function: Given a set of observed data X = {x1,x9,...,x,}, the likeli-
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hood function Z((¢,0) | X) is a function of the parameters ¢ , 6 of the statistical
model. It represents the probability of observing the data X given the parameters
¢ and 6.

e Maximum Likelihood Estimation (MLE): MLE aims to find the parameters
values ¢, 0 that maximize the likelihood function Z((¢,0) | X). Symbolically, it can
be expressed as:

(b, g = argn(lp%xx(@,e) | X)

¢ Log-Likelihood Function: Often, the logarithm of the likelihood function, called
the log-likelihood function, is used for practical reasons. This is because the log-
arithm is a monotonic function, meaning it preserves the order of the likelihood

values while simplifying calculations:

((¢,0) | X) =log Z((¢,0) | X)

¢ Finding Maximum Likelihood: To find (¢, 0)y; 5, one typically takes the deriva-
tive of the log-likelihood function with respect to ¢ and 0, sets it to zero, and solves
for ¢ and 6. In some cases, numerical optimization techniques may be employed to

maximize the likelihood function when analytic solutions are not feasible.

* Properties: MLE is consistent, meaning that as the sample size n increases,
(@,9)MLE converges in probability to the true parameters values ¢* and 6*. It
is also asymptotically efficient, meaning it achieves the Cramér-Rao lower bound

under regularity conditions, making it an optimal estimator in large samples.

1.4.9 Yule-Walker

The Yule-Walker method is a technique used in time series analysis to estimate the
parameters of an autoregressive (AR) model. It is named after Udny Yule and George

Udny Yule-Walker, who developed it in the early 20th century. Eshel (2020)
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Steps in the Yule-Walker Method:

¢ Compute Autocovariance or Autocorrelation: - Calculate the autocovariance
function y(k) or autocorrelation function p(k) for the given time series data up to a
certain lag p. These functions describe how a time series observation at one point

in time relates to its values at earlier points.

* Yule-Walker Formula: - The Yule-Walker equations are a set of p linear equa-
tions that relate the autocovariance (or autocorrelation) values to the parameters

of the autoregressive model. For an AR(p) model, they can be written as:

Y(k)=p1y(k = 1)+ Ppay(k —2)+...+ ppy(k — p)

where y(k) is the autocovariance function and ¢1,¢s,...,¢, are the parameters to

be estimated.

* Solve the Yule-Walker Equations: Solve these equations to find the coefficients
¢1,¢2,...,¢p. This typically involves expressing the equations in matrix form
and solving for the coefficients using techniques such as matrix inversion or least

squares estimation.

* Estimate Variance and Check Model Adequacy: Once the coefficients
¢$1,¢2,...,¢p are estimated, compute the estimated variance of the error term a?.
Check the adequacy of the model by examining residuals (the differences between

observed and predicted values) to ensure that the model adequately captures the

underlying dynamics of the time series. Hence the fitted model

Xi=p1Xs 1+ +Gp X p+er, {e~WN(O,0%)

Advantages and Considerations:

¢ Efficiency: The Yule-Walker method provides efficient estimation of autoregres-

sive parameters, particularly when the autocorrelation function is used directly.
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* Assumptions: It assumes stationarity and can be sensitive to outliers and non-

stationarity in the data.

* Model Selection: Choosing the appropriate lag p for the autoregressive model is
crucial and often requires model selection criteria (e.g., AIC, BIC) to determine the

best-fitting model.

* Application: The Yule-Walker method is widely used in fields such as economet-
rics, finance, and signal processing for modeling and forecasting time series data.
It provides a mathematical framework to understand the dependencies within a

time series and make predictions based on its past values.

1.4.10 Diagnostic Checking

Typically, the goodness of fit of a statistical model to a set of data is judged by comparing
the observed values with the corresponding predicted values obtained from the fitted
model. If the fitted model is appropriate, then the residuals should behave in a manner

that is consistent with the model (Jianqing Fan (2003)).

When we fit an ARMA(p, q) model to a given series we determine the maximum likeli-
hood estimators ¢,0 and 62 of the parameters ¢,0 and. o2. In the course of this proce-
dure the predicted values X t((f), 6) of X; based on X71,...,X;_1 are computed for the fitted

model. The residuals are then defined, by:

Wt =(X; —Xt(([),é))/(rt_l(([;,é))lﬂ, t=1,...,n (1.4.8)

If we were to assume that the maximum likelihood ARMA(p, q) model is the true process
generating {X,}, then we could say that {W;} ~ WN(0,@%). However, to check the appro-
priateness of an ARMA(p, q) model for the data we should assume only that X1,...,X,
are generated by an ARMA(p, q) process with unknown parameters ¢,0 and. o2, whose
maximum likelihood estimators are ¢,0 and 62, respectively. Then it is not true that

{W,} is white noise. Nonetheless Wy, ¢ = 1,...,n should have properties that are similar to
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those of the white noise sequence

Wi(,0) = (X — X (b, 0(ri1(p,00)Y2, t=1,...,n

Moreover, W;(¢p,0) approximates the white noise term in the sense that E(W,(¢,0)Z;)? —
0 as t— oo. Consequently, the properties of the residuals {W,} should reflect those of
the white noise sequence {Z;} generating the underlying ARMA(p,q) process. In particu-

lar, the sequence {W;} should be approximately
(i) uncorrelated if {Z;} ~ WN(0, a?).

(ii) independent if {Z;} ~iid N(0,a?)

(iii) normally distributed if {Z;} ~ N(0,a?)

The rescaled residuals B;,t=1,...,n are:

R, =Wy/a (1.4.9)

Where W, is white noise standard deviation.

If the fitted model is appropriate, the rescaled residuals should have properties simi-
lar to those of a WN(0, 1) sequence or of an iid(0,1) sequence if we make the stronger
assumption that the white noise {Z;} driving the ARMA process is independent white

noise.

1.4.11 Model selection

1.4.11.1 Order Selection

Once the data have been transformed (e.g., by some combination of Box—Cox and differ-
encing transformations or by removal of trend and seasonal components) to the point
where the transformed series {X;} can potentially be fitted by a zero-mean ARMA model,

we are faced with the problem of selecting appropriate values for the orders p and q.
It is not advantageous from a forecasting point of view to choose p and q arbitrarily
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large.

Fitting a very high order model will generally result in a small estimated white noise
variance, but when the fitted model is used for forecasting, the mean squared error of
the forecasts will depend not only on the white noise variance of the fitted model but also
on errors arising from estimation of the parameters of the model.

These will be larger for higher-order models. For this reason we need to introduce a

“penalty factor” to discourage the fitting of models with too many parameters.

Many criteria based on such penalty factors have been proposed in the literature, since
the problem of model selection arises frequently in statistics, particularly in regression

analysis. Robert H. Shumway (2011)

e Assume we can reject iid, i.e. PACF and ACF show some significant lags. How to

determine which model is correct?

e But we have many models we can’t really discriminate between just by looking.

1.4.11.2 Box-Jenkins Approach

Matching model with actual data

e Transform data to “appear” covariance stationary
e take logs (natural)
o differences
e detrend

o Examine the sample ACF and PACF

¢ Estimate ARMA models

¢ Perform diagnostic analysis to confirm that model is consistent with data
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1.4.12 Information Criteria

Use information criteria to compare models with different p and g values. Lower values

indicate better models (Jianqing Fan (2003)).

1.4.12.1 Akaike Information Criterion (AIC)

1
AIC(p,q)=In(c?)+ 72Ap+a),

where the first term is responsible for the fit of the model and the second one is a penalty

for number of parameters.

1.4.12.2 Schwarz (Bayesian) Information Criterion(BIC)

1
BIC(p,q)=In(c?) + ?mm(p +q),

where now penalty is related to sample size.

1.4.13 Point Forecasts

Point forecasts involve predicting future values using the fitted ARIMA model. Given an

ARIMA model, we can generate forecasts for future time steps.
Xionie = EX | Xy, Xoo1,0., X1)

Here, X ++n|¢ represents the forecasted value at time ¢ + A based on information available

up to time ¢.

1.4.14 Forecast Intervals

Forecast intervals provide a range within which future observations are expected to fall

with a certain probability. They account for the uncertainty in the forecasts.
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The forecast interval is typically given by:

Xirhetzxog

where z is the critical value from the standard normal distribution corresponding to the

desired confidence level, and o3 is the standard error of the forecast.
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Chapter 2

Arificial Neural Networks (ANN)
Model

2.1 Introduction

Artificial neural networks (ANN’s) are computer systems inspired by the way our brains
work (2.1) , which were originally proposed by McCulloch and Pitts (1943) and Metropo-
lis et al. (1953). They became popular in the 1980s because of advances in computing
and learning techniques. One important development was the backpropagation learning
method, introduced by Rumelhart et al. (1986).

This method adjusts the connections between neurons to make the network’s output
match what’s expected. It led to ANN’s being used widely in various fields to under-
stand complex problems and make intelligent decisions. Neural Networks are defined
by Hamid and Habib (2014) as a versatile and dependable field made up of primary and
dominating elements-neurons.

While reducing the impact of the damaged neuron on the outcome, they permit the cou-

pling of diverse brain inputs and outputs, benefits, and inhibition.
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Dendrites

Cell Body

Figure 2.1: Diagrammatic Illustration of Biological Neurons

Neural networks , as stated by Mileris and Boguslauskas (2011) , are mostly useful for
analyzing large amounts of data and establishing sets of criteria . The system operates
on the same concept as an individual . However , humans aren’t always able to compre-

hend and make sense of this volume of data.

As stated by Kliestik (2013), artificial neural networks are among the most widely used
methods available today, with applications in a variety of domains. Ashoori and Moham-
madi (2011) mention the social and natural sciences, neurology, linguistics, technology,
cognitive science, and business environment in addition to artificial intelligence.

These fields can be used, for example, to estimate expenses, firm value, or bankruptcy
prediction. According to Altun et al. (2007), ANN is one of the most appealing approaches
in operational research in the field of informatics; its real-world applications make sig-

nificant use of contemporary technology.

2.2 ANN Model

The Artificial Neural Network (ANN) consists of several essential components that col-
lectively enable them to process information and make predictions. Neurons, the basic
computational units, receive inputs and apply transformations through weighted con-
nections.

These weights, dynamically adjusted during training, govern the strength of connections
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and shape the network’s learning. Activation functions introduce non-linearity, enhanc-
ing the model’s capacity to capture complex relationships in data. Organized into layers,
including input, hidden, and output layers, ANN’s exhibit hierarchical processing.

The architecture, determined by the arrangement and connectivity of neurons, plays a
crucial role in defining the network’s capabilities.

Additionally, biases, loss functions, optimization algorithms, learning rates, and back-
propagation contribute to the robust learning and adaptation of ANN’s, making them

powerful tools in diverse domains of artificial intelligence.

Hidden laver

Output layer

Input layer

Figure 2.2: Architecture of Artificial Neural Networks model

The model is characterized by a network of three layers of simple processing units
connected by acyclic links. The relationship between the output (X;) and the inputs

(%¢-1,%¢-2,...,%s_p) has the following mathematical representation :

q
Xt=a0+ZajF
J=1

p
woj + Z ﬁint—i) +€; 2.2.1)
i=1

where a;j(j=0,1,2,...,¢) and w;; (i =0,1,2,...,p,j = 1,2,...,q) are the model parameters
often called the connection weights, p is the number of input nodes and g is the number

of hidden nodes, F is the Activation Funcion.

Hence ,The ANN model of (2.2.1) in fact performs a nonlinear functional mapping from

the past observations (X;_1, X;_o,..., X;_p) to the future value X;, i.e.,

Xt:f(Xt—laXt—Q,Xt—37"'7Xt—p7w)+€t (222)
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where w is a vector of all parameters and f is a function determined by the network
structure and connection weights. Thus, the ANN is equivalent to a nonlinear autore-

gressive model.

2.2.1 Artificial Neurons

A fundamental component of each artificial neural network is the artificial neuron. (2.3)
represents an artificial neuron with its inputs, weights, Activation function, bias, and
outputs.

Its structure and operations are based on the study of a biological neuron, which is the
fundamental unit of biological neural networks, or systems, that comprise the brain,
spinal cord, and peripherajl ganglia. (2.3) represents an artificial neuron with its in-
puts, weights, Activation function, bias, and outputs. These similarities in design and

functionality can be seen.

multiplication

Input 1 LL-H-\""-!.__‘

E

b5 | Fw —Cowi)

- | X

SUMm ' transfer function

Figure 2.3: Artificial Neuron

B Input 2 )

When a biological neuron receives information through a dendrite, the soma analyzes it
before sending it along via an axon. When it comes to artificial neurons, the information
enters the system through weighted inputs (each input can be multiplied by a weight on
its own). Next, the artificial neuron’s body adds up the weighted inputs, adds bias, and
uses a Activation function to "process" the total. Ultimately, the information digested is
sent via output(s) by an artificial neuron. The mathematical explanation of the artificial

neuron model below demonstrates the benefit of its simplicity:
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2.2.2 Input layer

The input layer is the first step in the complex information processing process (Figure
2.2), The input layer consists of artificial neurons and is responsible for transforming raw
input data into a format the network can understand, In this layer, every neuron takes on
the crucial duty of representing a particular feature or input variable, which encodes the
core of the properties of the data into the architecture of the neural network. Aligning
the number of neurons with the dimensionality of the input data is the fundamental
idea that drives the structure of the input layer and guarantees that all of the dataset’s

subtleties are accurately recorded and later handled.

2.2.3 Hidden layer

Hidden layers in neural networks sit between the input and output layers. They play a
crucial role in helping the network understand complex patterns in data. Each neuron
in a hidden layer takes inputs from the previous layer, applies weights and biases to
these inputs, and then passes the result through an activation function. This process
allows the network to learn and recognize patterns that are not straightforward or linear.
By transforming data in this way, hidden layers enable neural networks to solve more

complex problems and make accurate predictions.

2.2.4 Output layer

The output layer represents the final stage where the network’s computations culminate
in generating predictions or outcomes. This layer consolidates the information processed
across previous layers into actionable insights. Its configuration, including the number
of neurons, is tailored to match the complexity of the intended output. Through a com-
bination of weighted summations and activation functions, the output layer transforms
complex computations into interpretable outputs, such as class labels in classification

tasks or continuous values in regression.

44



2.2.5 Activation Functions

In a neural network, the most important components are its net inputs. These units
are transformed into an output result known as the activation of the unit using the
application of a function known as the Activation function, threshold function, or transfer

function, which is a scalar to scalar transformation.

The primary purpose of a Activation function is to determine the output of a neuron
based on its input (Sharma et al. (2017)). Some of the commonly used activation func-

tions in artificial neural networks are:
1. Linear Activation Function
2. Sigmoid Activation Function
3. Hyperbolic Tangent Activation Function

4. Rectified Linear Unit (ReLU) Activation Function

2.2.5.1 Linear Activation Function

Sharma et al. (2017). The input and the linear activation function have a direct propor-
tionality. Since the binary step function lacks an x component, its primary flaw was that
it had a zero gradient. A linear function can be utilized to take it out. It can be described

as:

F(x)=ax

The value of variable a can be any constant value chosen by the user.
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Figure 2.4: Linear Activation Function

Using a linear function has no advantage because the neural network would not reduce
error because the gradient would remain constant during the iteration. Furthermore,
the data will not allow the network to recognize intricate patterns. For this reason,
linear functions are appropriate for straightforward tasks and situations requiring in-

terpretability Sharma et al. (2017).

2.2,5.2 Sigmoid Activation Function

The sigmoid function stands as one of the most commonly employed activation functions
due to its non-linear nature. By transforming input values into a range between 0 and
1, it enables the network to capture complex relationships Sharma et al. (2017). Mathe-

matically, the sigmoid function can be expressed as :

F(x):i

e—x

Furthermore, the sigmoid function lacks symmetry about zero, resulting in output values
of neurons sharing the same sign. This asymmetry can be addressed by scaling the

sigmoid function Sharma et al. (2017).
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Figure 2.5: Sigmoid Activation Function

2.2.5.3 Hyperbolic Tangent Activation Function

The hyperbolic tangent function, also known as the tanh function, serves as an alterna-
tive to the sigmoid function. Unlike the sigmoid function, the tanh function is symmetric
around the origin. This symmetry results in varied signs of outputs from previous layers,
providing diverse inputs for the subsequent layers in the neural network Sharma et al.

(2017). Mathematically, the tanh function can be expressed as:

F(x)=tanh(x)

The tanh function is both continuous and differentiable, producing values within the
range of —1 to 1. In contrast to the sigmoid function, the tanh function exhibits a steeper
gradient. This characteristic makes tanh preferable over the sigmoid function, as its

gradients are not confined to a specific direction and it is centered around zero.

13 Tanh Function
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Figure 2.6: Hyperbolic Tangent Activation Function
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2.2.5.4 Rectified Linear Unit(ReLU) Activation Function

ReLU (Rectified Linear Unit) fig (2.7) is considered more efficient compared to other
activation functions because it doesn’t activate all neurons simultaneously. Instead, it

selectively activates a certain number of neurons at a time Sharma et al. (2017).

In some cases, the gradient value can be zero, leading to non-updating of weights and
biases during the backpropagation step in neural network training.
Mathematically, the ReLU function can be expressed as:

0 if x<O0

F(x)=

x if x=0

Rectified Linear Unit {RelU)

relulx)

]

-5 5 = =3 i ] 3 B B

Figure 2.7: Rectified Linear Unit(ReLU) Activation Function

2.2.6 Weights

Weights within an artificial neural network (ANN) represent numerical values linked
with the connections among neurons across various layers of the network Figure (2.8).
Each connection between neurons carries an associated weight, indicating the magni-
tude and direction (positive or negative) of the impact one neuron exerts on another.
As input signals traverse the network, they undergo multiplication by these weights,

collectively influencing the ultimate output of the network.
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2.3 Unsupervised and Supervised learning models

Several different types of ANN’s have been developed, but two main categories can be

easily recognized, according to their learning process (Lek and Park (2008)) :

2.3.1 Unsupervised learning:
* The model is not provided with the correct results during the training.

* Can be used to cluster the input data in classes on the basis of their statistical

properties only.
* (Cluster significance and labeling.

* The labeling can be carried out even if the labels are only available for a small

number of objects representative of the desired classes.

2.3.2 supervised learning
* Training data includes both the input and the desired results.

* For some examples the correct results (targets) are known and are given in input

to the model during the learning process.
* These methods are usually fast and accurate.

* Have to be able to generalize: give the correct results when new data are given in

input without knowing a priori the target.
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2.4 Types of Neural Networks

2.4.1 Multilayer Perceptron (MLP)

Multilayer Perceptrons (MLPs) are structured as a network of basic neurons organized
into layers .Typically, a Multilayer Perceptron (MLP) is structured with an input layer
comprising source neurons, at least one hidden layer consisting of computational neu-
rons, and an output layer composed of computational neurons. Input signals are prop-
agated forward through the network, layer by layer, in a sequential manner (Ali et al.

(2011)). Mathematically, the MLP can be represented as:

y=F(i wixi+b) (2.4.1)

i=1

where w stands for the weight vector, x for the input vector, b for the bias, and F for the
activation function. By acting as a squashing function, the activation function stops the

network’s expansion from increasing.
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Figure 2.10: MLP Structure

2.4.2 Radial basis function

In RBF networks, the input layer outputs are computed by measuring the distance be-
tween the network inputs and the centers of the hidden layer. The subsequent layer,
known as the linear hidden layer, produces outputs that are weighted combinations of
the input layer outputs. Each neuron in the hidden layer is associated with a parameter
vector referred to as the center. Consequently, a comprehensive representation of the

network can be formulated as follows Howlett and Jain (2001):
n
5= wijp(lx—c;l)+b; (2.4.2)
i=1

Typically, the Euclidean distance serves as the norm, while the radial basis function
is commonly defined as a Gaussian function. Specifically, the Gaussian function is ex-

pressed as follows:

F(r)=exp(-a;.llx—c;[1?) (2.4.3)
where
I Number of neurons in the hidden layer
J Number of neurons in the output layer
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wij Weight of the i*” neuron and j*output

F Radial basis function
a; Spread parameter of the i** neuron
x Input data vector
c; Center vector of the i*" neuron
b; Bias value of the output j** neuron
9; Network output of the j** neuron
Hidden layer
Input layer ({ neurons) Output layer

(M inputs) {J outprits)

Figure 2.11: RBF Network architecture

2.4.3 Recurent Neural Netwwork

A Recurrent Artificial Neural Network (RNN) is a type of neural network architecture
characterized by its recurrent topology, which allows information to flow not only in the
forward direction but also backwards. This allows networks to analyze and learn se-
quences, such as recognizing and reproducing sequences or predicting temporal patterns
(Bullinaria (2013)). (Figure 2.12) illustrates a small Fully Recurrent artificial neural
network, showcasing the intricate interconnections among its artificial neurons. The
fundamental topology of a recurrent artificial neural network is the fully recurrent arti-

ficial network, where every artificial neuron is directly connected to every other neuron
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in all directions. Other variants of recurrent artificial neural networks, such as Hopfield,
Elman, Jordan, bi-directional networks, and others, are special cases derived from the

basic fully recurrent architecture (Suzuki (2011)).

Input vector
Qutput

. Single neuron InpLt Hidden Output
= Layer Layer Layer

Figure 2.12: Recurrent artificial neural network

2.5 Identification of ANN model

2.5.1 The Backpropagation Algorithm

One of the most popular NN algorithms is back propagation algorithm. Rojas (2013)
stated that there were four primary steps in the BP algorithm. The required adjustments
are computed using the back propagation approach once the network’s weights have been

randomly selected. The algorithm can be decomposed in the following four steps:

2.5.1.1 Feed-forward computation

Input to hidden layer:

n
1 1
zj= leﬁj)xi +b§ )
1=

aj=F(z;)

Hidden layer to output:

m
2 2
2p = Z wi.k)aj+b§e)
Jj=1
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I =F(zp)

2.5.1.2 Back propagation to the output layer

Output layer error:

6r=Gr—yr) F'(z1)

2.5.1.3 Back propagation to the hidden layer

Hidden layer error:
8;=F'(z)) ) w5,
k

2.5.1.4 Weight updates

Update rule for weights (and biases):

w'l — 'V
uj v

—B-6j-xiuu
b(jl) - b;l)_ﬁ.é‘j

@ _ @

Wi Wy —B-6r-a;

bY —bP - -6y,
Where:

* zj and z; are the weighted sums before activation functions,

* a; and J;, are the activations (outputs),

F is the activation function,

F’ is the derivative of the activation function,

(2)

D 21 2 . .
. wﬁj), bg. ),wjk , and b;e ) are weights and biases,
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* B (beta) is the learning rate,

* §;j and 6 are the error terms for hidden and output layers, respectively.

2.6 Evaluating Forecast Accuracy

2.6.1 Metrics

Evaluating the accuracy of the forecasts is crucial. Common metrics include:

Mean Absolute Error (MAE):

1& N
MAE = =) |X; - X;]
ni=1

Mean Squared Error (MSE):

1 ,
MSE=- )Y (X;-X;)*
ni=1

Root Mean Squared Error (RMSE):

RMSE = VMSE

Mean Absolute Percentage Error (MAPE):

Forecast Efficiency:

MSE of forecasts
MSE of actual values

Forecast Efficiency =1 —
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2.6.2 Visualizing Forecasts

Visualizing the forecasts alongside the actual values can provide insights into the model’s

performance. Common visualizations include:
* Line Plots: Plotting actual vs. forecasted values over time.

* Prediction Intervals: Including confidence intervals in the plots to show the

uncertainty in forecasts.
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Chapter 3

Hybrid Forecasting.

Hybrid models, also known as ensemble models or combined models, integrate multiple
forecasting methods to achieve better prediction accuracy compared to individual models.
They can combine statistical methods like ARIMA, multiple regression, and exponential
smoothing with artificial intelligence (AI) techniques such as fuzzy inference systems,
genetic algorithms, and neural networks. By merging diverse methodologies, hybrid
models seek to capture the nuances of complex time series data and improve forecasting

performance.

3.1 Hybrid Models

Time series data can contain nonlinear and linear component.So, hybrid methods using
both nonlinear and linear models are better and more accurate than individual models
for forecasting time series data. (Alsuwaylimi (2023)) Various hybrid methods which ex-
ist in the literature include the following approach: Given a time series data, ARIMA
model is directly modeled on the data. The residuals obtained from ARIMA model is
considered as a nonlinear component, and this nonlinear data is modeled using ANN
in different methods. Some such hybrid models considered in this thesis are those of
Additive, Khashei-Bijari, and multiplicative hybrid methods which are shown below (Al-

suwaylimi (2023)).
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3.2 Types Of Hybrid Models

Hybrid models combine different forecasting techniques to leverage the strengths of each
approach and improve overall prediction accuracy. These models can be classified into
several types based on how they integrate different methods. Some common types of

hybrid models include:

3.2.1 Linear and Nonlinear Models

These hybrids combine both linear and nonlinear forecasting techniques. For example,
ARIMA may be used as the linear component, while artificial neural networks (ANN’s)

serve as the nonlinear component.

Decomposition Prediction ~ Aggregation

Linear Linear
Components Model

N Final

Data Series — e

Prediction

Nonlinear || Nonlinear
Components Model

Figure 3.1: linear-nonlinear-series-hybrid-models

3.2.2 Weighted Averaging Models

In this approach, forecasts from individual models are combined using weighted aver-
ages. The weights assigned to each model can be based on historical performance or

determined through optimization techniques.
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Figure 3.2: Weighted Averaging Models

3.2.3 Hybrid with various models

A set methods combine multiple individual models to generate a single prediction. Tech-
niques such as bagging, boosting, and stacking are commonly used to combine forecasts

from different models Sagi and Rokach (2018).

Figure 3.3: With various models

3.3 Hybridizing Linear and Nonlinear Patterns

Zhang (2003) Stated that both ARIMA and ANN models have found success within their
respective linear and nonlinear domains. However, neither model is universally appli-
cable to all forecasting scenarios. While ARIMA models excel at capturing linear trends

and patterns, they may fall short when dealing with complex nonlinear relationships.
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Conversely, ANN’s are adept at modeling nonlinear data but may struggle with linear
problems, leading to mixed results. Blindly applying ANN’s to any dataset without con-
sidering their limitations can result in suboptimal performance.

Given the challenge of fully understanding the characteristics of real-world data, a hy-
brid approach that combines the strengths of both linear and nonlinear modeling capa-
bilities emerges as a promising strategy for time series forecasting.

By leveraging the complementary aspects of ARIMA and ANN models, hybrid methodolo-
gies can capture a broader range of underlying patterns, thereby enhancing forecasting

accuracy and robustness.

It may be reasonable to consider a time series to be composed of a linear ’autocorrelation

structure and a nonlinear component. That is,

Yt:Lt +Nt 3.3.1)

where

L; = : The linear component.

N; : The nonlinear component.

These two components have to be estimated from the data. First, we let ARIMA to
model the linear component, then the residuals from the linear model will contain only

the nonlinear relationship.

3.3.1 Additive Hybrid Model

(Zhang (2003)) proposed a hybrid model of ARIMA and ANN for the additive model.

which assumes the time-series y; summing the linear and nonlinear components as:

Xt:Lt +Nt (3.3.2)

where Lt represents the linear component and Nt the nonlinear component.

During the first phase of the proposed hybrid approach, an ARIMA model is applied to
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the linear component of time series, which is assumed to be {y;,# =1,2,...}, and a series
of forecasts are generated, namely L;. By comparing the actual value y; with the forecast
value L, of the linear component, we can obtain a series of nonlinear components, which
are defined to be {e;}.

e;=X;—L, (3.3.3)

Where

Li=p+¢1Xe1+gaXy o+ + (/A)pXt—p
(3.3.4)

A

—0164-1— 0264 90—+ — 0464 ¢

Thus, a nonlinear time series is obtained.

The second phase is concerned with modeling the nonlinear component of the specified
time series in an ANN model.

The trained ANN’s model is responsible for making a series of forecasts of nonlinear
components, denoted by N;, which are based on the previously deduced nonlinear time
series {e;} values as the inputs. That is, the ANN’s time-series forecasting model is a

nonlinear mapping function, as shown below:
e;=fler-1,er-2,€1-n) + & (3.3.5)

Where f is a nonlinear function of preceding residuals, while ¢; is the component white-

noise in the ANN modeling.

The second phase can be seen as a process of error correction of time series prediction
in the ANN’s model on the basis of ARIMA model. the combined forecast is given by
Equation below:

Xt :flt +Nt (336)

3.3.2 Khashei and Bijari Hybrid Model

Khashei and Bijari (2010) proposed a hybrid prediction model for time series, suggest-

61



Ui I/:t
Time series data ARIMA
-1 %
A
Ny
ANN

Figure 3.4: Additive Hybrid Model.

ing that y can be represented as a combination of linear and nonlinear components, as

described in their equation.(3.3.7):

23 :F(Lt+Nt) (337)

This model relates to the Additive model that assumes the composition of linear and
nonlinear components in any time-series data. The linear components are modelled by
using ARIMA while the residuals assumed to contain nonlinear component cannot be
modelled by a linearity approach. In the next stage in which linear forecast and the com-
puted nonlinear residuals are combined, this model is differentiated from the Additive
model. This model claims an additive relationship between linear and nonlinear parts.
The relation might be underestimated and degrade the performance. Valid nonlinear
patterns in the residuals of ARIMA model may further not be guaranteed and therefore
assumptions under this approach lowers the performances in another situation. The
above reasons permit consideration of linear and nonlinear components as functional

time-series shown in the Equation 3.3.8:

9 =F(L;+Np) (3.3.8)

Where L, is the linear component which is modelled by ARIMA, N, is the nonlinear one
modelled by ANN. In modelling nonlinear component, multi-layer component is used by

introducing past original values, present forecast of linear component, and past error
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data with residuals as inputs to ANN shown in the Figure ?? which simply summaries
the Khashei-Bijari’s model. ANN does not only get residuals as input but also takes past
linear forecasts and actual values. Therefore, it can undermine the strict assumption
that is additive association between linear and nonlinear components. The performed
experiments support this approach at outperforms the forecasting accuracy of Additive

model in a number of applications.

Y. L:

Time series data > ARIMA —L
Nt

Yy - L ANN

Figure 3.5: Khashei and Bijari’s Hybrid Model.

3.3.3 Multiplicative Model :

Wang, introduced a multiplicative hybrid-model for predicting time-series data that was
contrasted with additive hybrid models. In this model, a given time series data is the
product of a linear and a non-linear time series unlike the additive nature assumed by
Zhang’s model and the Khashei-Bijari’s hybrid models. L; and N; are the linear and

nonlinear parts of Equation 3.3.9:

vyt =LiN; (3.3.9)

The time series y; in Equation 3.3.9 is modeled using ARIMA additively. The quotient of

y: by the forecasts L, results to the nonlinear component given by Equation 3.3.10.

e: = yi/L; (3.3.10)

The nonlinear component N; is modeled and forecasted using ANN and the final model
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forecasts obtained using the product of the nonlinear forecasts N; and linear forecasts

L, as illustrated in Equation 3.3.11:

yt:Lt*Nt (3311)
Y Lt
Time series data > ARIMA
Y IAA IAV'z
Lt
Y A
Nf
ANN

Figure 3.6: Multiplicative Hybrid Model.

In summary, the proposed hybrid modeling is conducted in two phases. Initially, an
ARIMA model is identified, and the corresponding parameters are evaluated, that is, an
ARIMA model is constructed. As a result, the nonlinear components are computed based
on this model. In the second phase, a neural network model deals with the nonlinear

components.
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Chapter 4

Application

4.1 Introduction

The application part is divided into two steps. The first is to use the simulated data to
compare the three prediction models (AutoRegresive Moving Average, Artificial Nueral
Network and ARMA-ANN). The second step is to predict real data using all three models,
namely the Bitcoin exchange rate.

All codes used are in Python.

4.2 Model of Simulation

We have simulated 100 samples of size 1000 and 2000 of the AR(1) and ARMA(1,1) mod-

els.
(1) AR(1) : Xy = X1 +é&;.

(ll) ARIMA(]_,l) : Xt = (PXt—l +Er— €41

4.2.1 Order Identification by AIC and BIC

Uising AIC and BIC Percentage to select the best order of the Model.
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simulation model model AIC Percentage BIC Percentage

AR(1) 70 100
AR(1) ARIMA(1,1) 30 0
AR(1) 10 0
ARIMA(1,1) ARIMA(1,1) 90 100
Table 4.1: comparing tow models using AIC and BIC percentage of 100

sample

4.2.2 Parameters Estimation

The estimated parameter using 100 sample of size 1000 and 2000 of the simulated data.

=

Observations Sample Size ¢ [0}

100 n=1000 0.85 0.845

100 n=2000 0.85 0.848

Table 4.2: Comparing parameters and estimated parameters of 100 sam-
ples of size 1000 and 2000

A graph of the estimated parameters using 100 Observations of 1000 and 2000 sample

size of the simulated data

phi and estimated phi phi and estimated phi

] 20 40 60 80 100 [} 20 40 60 80 100
sample number sample number

(a) 100 Observations of samples of size 1000 (b) 100 Observations of samples of size 2000
Figure 4.1: 100 samples of size 1000 and 2000

4.2.3 Mesure of Performance of the AR Parameters

In the table below we compare the mean square error of AR parameter of 100 Observa-

tions of 1000 and 2000 sample of the simulated data
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Observations Sample Size @ MSE

100 n=1000 0.00026
100 n=2000 0.00014
Table 4.3: Compare the Mean Square Error of 100 samples of size 1000 and

2000

4.2.4 AR(1) Mesure Performance for Predictions

In the table below we compare the mean square error of AR(1) parameter of 100 Obser-

vations of 1000 and 2000 sample of the simulated data

Observations Sample Size MSE

100 n=1000 1.0741
100 n=2000 1.0599
Table 4.4: Compare the Mean Square Error of 100 samples of size 1000 and

2000

4.2.5 ARIMA Parameters Estimation

The estimated values of the parameters of the ARIMA model using 100 Observations of

the Sample of size 1000 and 2000 of the simulated data.

= ~

Observations Sample Size ¢ 0} 0 0
100 n=1000 0.95 0.96329 -0.3 -0.2517269
100 n=2000 0.95 0.9661 -0.3 -0.2513155

Table 4.5: 100 samples of size 1000 and 2000

In this graph, we consider the analysis of ARIMA parameters from 1000 to 2000, of 100

Observations.The data are simulated
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4.2.6 Mesure Performance of the ARIMA parameters

The comparison of the mean square error of ARIMA parameters of 100 Observations of

1000 and 2000 sample of the simulated data

parameters | Observations sample size MSE
100 1000 0.0031478
¢ 100 2000 0.00028
100 1000 0.0031478
’ 100 2000 0.002667

Table 4.6: 100 samples of size 1000 and 2000

4.2.7 Mesure Performance of the ARIMA(1, 0, 1) Model

The comparison of the mean square error of ARIMA Models of 100 Observations of 1000

and 2000 sample of the simulated data
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Models/Order  Observations sample size MSE

ARIMA(1, 0, 1) 100 n=1000 1.05746

ARIMA(1, 0, 1) 100 n=2000 1.09362
Table 4.7: Comparison of 2 ARIMA(1, 0, 1) models

4.2.8 Mesure Performance of the ANN Model

The comparison of the mean square error of ANN Models of 100 Observations of 1000

and 2000 sample of the simulated data

Models Observations sample size Activation Function @MSE

ANN 100 n=1000 linear 1.81789
ANN 100 n=1000 tanh 1.63226
ANN 100 n=2000 linear 1.06435
ANN 100 n=2000 tanh 1.07068

Table 4.8: Comparison of 4 ANN models

4.2.9 Mesure Performance of the Hybrid Model

The comparison of the mean square error of Hybrid Models of 100 Observations of 1000

and 2000 sample of the simulated data

Models Observations sample size Activation Function @MSE

Hybrid 100 n=1000 linear 1.06111
Hybrid 100 n=2000 linear 1.09269
Hybrid 100 n=1000 tanh 1.06639
Hybrid 100 n=2000 tanh 1.08902

Table 4.9: Comparison of 4 hybrid models
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4.3 Datasets

A cryptocurrency (crypto-currency) is a digital currency designed to work as a medium of
exchange through a decentralized computer network using cryptography to secure trans-
actions and control the creation of new units.

Unlike traditional currencies, cryptocurrencies operate independently of any central au-
thority, such as a government or bank, making them immune to government interference
or manipulation. Cryptocurrencies typically utilize blockchain technology, a distributed
ledger enforced by a network of computers, to maintain transparency, security, and the

integrity of transactions.

4.4 DATA Description

This study focuses on Bitcoin, a widely-known digital currency celebrated for its decen-
tralized structure. Data was gathered from Yahoo Finance spanning January 1, 2020, to
June 13, 2024. The dataset includes daily opening, high, low, and closing prices, adjusted
for corporate actions, as well as trading volume. We ensured data accuracy through rig-
orous cleaning, addressing errors and outliers.

Using Python with Pandas and Matplotlib, we organized and visualized the data, en-
abling a detailed analysis of Bitcoin’s market trends and fluctuations over the specified

period.

Data Before Stationarity
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Figure 4.3: Bitcoin’s price curve: illustrating its ups and downs
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4.4.1 ADF test

To prepare the data for analysis, we first checked its stationarity using the Augmented
Dickey Fuller (ADF) test. Stationarity refers to the data’s properties remaining constant
over time. The test revealed that the data exhibited non-stationarity in two ways: its
variance was unstable, and its average value fluctuated over time. To address these
issues, we applied suitable transformations and differencing techniques. These meth-
ods aim to stabilize the variance and achieve stationarity in terms of the data’s mean,

making it more appropriate for subsequent analysis.

Test 0 Step diffrencing 1 step diffrencing
p-value 0.781 0
Table 4.10: Table Shows the Results of ADF Test

From the result in Table 4.10, it can be seen that the ADF test and get p-value = 0.781,
so the data is not stationary in the mean. To make the data stationary, we use once
differencing. Next we check stationary again, it can be seen that the ADF test result get

p-value = 0.0, that means it’s stationary in mean fig (??).
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Figure 4.4: Stationary Bitcoin price curve after differencing.

4.4.2 Split DATA

To train the ARIMA model, we divided the data into training and test sets. Specifically,

97% of the data was allocated for training, while 3 % was reserved for testing. This
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division allows us to train the model on a majority of the data and then evaluate its

performance on unseen data to assess its predictive capabilities..

Data Data Shape Train Set(size) Test Set (size)

BTC 1625 1575 50
Table 4.11: Shapes of Data, Train and Test

Train AND Test Data

- Test Data
= Train Data
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Figure 4.5: Bitcoin’s price curve:illustrating Train and Test Parts

4.5 ARIMA Model Order Selection

4.5.1 ACF and PACF plots

From the training data, we determined the ARIMA model’s order by analyzing the Auto-

Correlation Function (ACF) and Partial Auto-Correlation Function (PACF) plots.

o0 Partial Autocorrelation 100 Autocorrelation
0.75 0.75
0.50 0.50
0.25 0.25
0.00 0.00
-0.25 -0.25
—-0.50 —0.50
-0.75 -0.75
=1 ] 5 10 15 20 25 30 35 =108 0 5 10 15 20 25 30 35
(a) pacf plot (b) acf plot
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From the ACF and PACF plot, we get MA(0) and AR(1).

4.5.2 AIC and BIC Criteria

The best model that has smaller AIC and BIC because of the number of parameters is the

smallest. Different models associated with accuracy criteria are listed in the following

Table.

ORDER AIC BIC

(1,1,00 27695.6859 27706.4700
(1,1,1) 27697.5693 27713.7454
(2,1,0) 27697.4522 27713.6283

(2,1,1) 27697.3584 27718.9265
Table 4.12: Comparing 4 models using AIC and BIC

Table (4.12) indicates that the suitable model for daily Bitcoin data is ARIMA (1,1,0).

4.6 Comparison of ARIMA Models Using Performance
Metrics

In this section, we compare different ARIMA models using metrics like RMSE, and
MAPE to assess their accuracy in forecasting daily Bitcoin data. By evaluating these
metrics across various ARIMA configurations, we aim to identify the model that best
captures the patterns and fluctuations in the dataset, ensuring reliable predictions for

future observations.

ARIMA RMSE MAPE

(1,1,0)0 1611.48890 0.01812232
(1,1,1) 1612.25493 0.01814332
(2,1,0) 1613.45829 0.01817957

(2,1,1) 1621.01979 0.01839802

Table 4.13: comparing 4 models of arima
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Table (4.13) indicates that the suitable model for daily Bitcoin data is ARIMA (1,1,0).

4.6.1 ARIMA Forecasts

The forecasts from four distinct ARIMA models were plotted against actual daily Bitcoin
prices (4.9). Each plot illustrates the models’ predictions and their alignment with ob-
served price movements over time. These visual comparisons allow for an evaluation of
how effectively each ARIMA model captures Bitcoin’s price volatility and overall trend.

ACTUAL VS ARIMA(1,1,0) predictions ACTUAL VS ARIMA(1,1,1) predictions
72000 72000

70000 70000 -

68000 68000 -

66000 66000 -

Prices

64000 64000

62000 62000

—— ARIMA Predictions —— ARIMA Predictions

60000 60000 -

—— Real Prices —— Real Prices
58000 58000 +
o} 10 20 30 40 ) 10 20 30 40
days days
(a) ARIMA(1,1,0) predictions vs actual (b) ARIMA (1,1,1) predictions vs actual
ACTUAL VS ARIMA(2,1,0) predictions ACTUAL VS ARIMA(2,1,1) predictions

72000 72000
70000 70000 -
68000 68000 -

66000 66000 -

Prices

64000 64000

62000 62000 -

—— ARIMA Predictions w0000 —— ARIMA Predictions
—— Real Prices —— Real Prices

58000 58000

60000

o 10 20 30 40 o 10 20 30 40
days days

(c) ARIMA (2,1,0) predictions vs actual (d) ARIMA (2,1,1) predictions vs actual
Figure 4.7: Daily Prices of BTC Forecasts with different ARIMA

4.7 ANN Model

4.7.1 Compare of tow ANN models using Performance Metrics

In the table (4.14), we compare two ANN models with linear and tanh activation func-
tions, using metrics like RMSE and MAPE to assess their accuracy in forecasting daily

Bitcoin data.
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ANN model activation function RMSE MAE MAPE

ANN tanh 2071.27812  0.02439363

ANN linear 1735.94799 0.01994308
Table 4.14: The Result of Performance Metrics Of Tow ANN Models

We observed differing performance outcomes.The model with the linear activation func-
tion exhibited better results in terms of accuracy and precision metrics compared to the
tanh activation model.This outcome highlights the significance of activation function se-

lection in optimizing model performance.

4.7.2 ANN Forecasts

The forecasts of two ANN models with the linear activation and tanh activation function
of the actual daily Bitcoin were plotted. Each plot illustrates the models’ predictions and
their alignment with observed price movements over time.These visual comparisons al-
low for an evaluation of how effectively each ANN model captures Bitcoin’s price volatil-
ity and overall trend.

ACTUAL VS ANN(linear) predictions ACTUAL VS ANN(tanh) predictions
72000

72000

—— ANN predictions
—— Real Prices

—— ANN predictions
—— Real Prices

70000 70000

68000 68000

66000 66000
8 8

& 64000 & 64000

62000 62000

60000 60000

58000 58000
[ 10 20 30 40 [ 10 20 30 40
days days

(a) linear ANN (b) tanh ANN
Figure 4.8: Daily Prices of BTC Estimated with ANN

4.8 Hybrid Models

In the table below we did compare four Hybrid models with linear and four Hybrid mod-
els with tanh activation functions, using metrics like RMSE and MAPE to assess their

accuracy in forecasting daily Bitcoin data.
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HYBRID /ARIMA order activation function RMSE MAPE
Hybrid/(1,1,0) tanh 1611.48676 0.018122319
Hybrid/(1,1,1) tanh 1612.25293 0.018143312
Hybrid/(2,1,0) tanh 1613.45520 0.018179551
Hybrid/(2,1,1) tanh 1621.01900 0.018398023
Hybrid/(1,1,0) linear 1611.48740 0.018122320
Hybrid/(1,1,1) linear 1612.25288 0.018143312
Hybrid/(2,1,0) linear 1613.45256  0.01817953
Hybrid/(2,1,1) linear 1623.89193  0.01843089

Table 4.15: Comparing Different hybrid models

Observing different performance outcomes.We can see that the hybrid/(1,1,0) model with

the linear and hybrid/(1, 1, 0) model with the tanh activation function exhibited better

results in terms of accuracy and precision metrics compared to the others models.

4.9 Hybrid Forecast

The forecasts of the Four Hybrid models with the linear activation and the Four Hybrid

models with tanh activation function of the actual daily Bitcoin were plotted.

Each plot illustrates the models’ predictions and their alignment with observed price

movements over time. These visual comparisons allow for an evaluation of how effec-

tively each Hybrid model captures Bitcoin’s price volatility and overall trend.
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Actual VS Hybrid/(1,1,0)/linear Predictions Actual VS Hybrid/(1,1,0)/tanh Predictions
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Figure 4.9: Daily Prices of BTC Predicted with Hybrid Models
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4.10 Final Results

In the table we comparing best the models, using metrics like RMSE and MAPE to assess

their accuracy in forecasting daily Bitcoin data.

The best Models order RMSE MAPE

ANN - linear 1735.94799  0.01994308
ARIMA (1,1,0) - 1611.48890 0.01812232
Hybrid (1,1,00 tanh 1611.48676 0.018122319

Table 4.16: Comparing the 3 best Models

We can see that the hybrid/(1, 1, 0) model with the tanh activation function exhibited

better results in terms of accuracy and precision metrics compared to the others models.

4.11 Best Models Forecast

The forecasts of the best models of the actual daily Bitcoin were plotted. Each plot
illustrates the models’ predictions and their alignment with observed price movements
over time.These visual comparisons allow for an evaluation of how effectively each model
captures Bitcoin’s price volatility and overall trend.

Actual VS ALL models Predictions

09751~ —— Hybrid Prediction
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—— ARIMA Prediction

0.925

0.900
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Figure 4.10: Plot of the Final Forecasts of the best Models
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Conclusion

Time series analysis and Forecasting is an important problem that spans many
fields including business and industry, government, economics, environmental sciences,
medicine, social science, politics, and finance.

Forecasting in finance provides valuable insights and tools for investors, financial insti-
tutions, and corporations to navigate uncertainty, optimize financial decisions, manage
risks effectively, and achieve long-term financial objectives.

Forecasting problems are often classified as short-term, medium-term, and long-term.
Short-term forecasting problems involve predicting events only a few time periods (days,
weeks, and months) into the future. Medium-term forecasts extend from 1 to 2 years into
the future, and long-term forecasting problems can extend beyond that by many years.
The accuracy of time series forecasting is fundamental to many decision processes and
hence the research for improving the effectiveness of forecasting models has never

stopped.

This thesis used a hybrid model that combines the ARIMA model and neural networks
to forecast non-seasonal time series data. By employing the linear ARIMA model along-
side the nonlinear ANNs model, the hybrid approach aims to capture different patterns
within the time series data. This integrative model leverages the strengths of both
ARIMA and ANNSs in linear and nonlinear modeling. The combined approach is de-
signed to improve forecasting performance by addressing the complexity of both linear

and nonlinear structures.
One of the perspectives of this work is to combine ARIMA model with other models, such
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as:

ARIMA-SVR Hybrid Model which Combines ARIMA with Support Vector Regres-
sion (SVR), where ARIMA handles the linear aspects and SVR captures the non-

linear relationships.

ARIMA-GARCH Hybrid Model which Combines Integrates ARIMA for modeling
the mean structure with GARCH (Generalized Autoregressive Conditional Het-

eroskedasticity) for capturing volatility clustering in time series data.

ARIMA-Exponential Smoothing Hybrid Model which Combines ARIMA with Ex-

ponential Smoothing (ETS) methods to leverage their complementary strengths.

ARIMA-LSTM Hybrid Model which combines Integrates ARIMA with Long Short-
Term Memory (LSTM) networks, which are a type of recurrent neural network

(RNN) that is effective for sequence prediction.

ARIMA-Random Forest Hybrid Model which Combines ARIMA for linear model-
ing with Random Forest, which is a robust ensemble learning method capable of

capturing complex nonlinear relationships.

ARIMA-XGBoost Hybrid Model which Combines Integrates ARIMA with XGBoost,

an efficient and scalable implementation of gradient boosting.

Decomposition-ANN Hybrid Model which Decomposes the time series into trend,
seasonal, and residual components, then applies different models to each compo-

nent.

80



[ ]:

Appendix A

#IMPORTING LIBRARIES

import pandas as pd

import numpy as np

from statsmodels.tsa.arima.model import ARIMA

import matplotlib.pyplot as plt

import itertools

from statsmodels.graphics.tsaplots import plot_acf,plot_pact

import warnings

warnings.filterwarnings("ignore")

import yfinance as yf

from sklearn.preprocessing import MinMaxScaler

from statsmodels.tsa.stattools import adfuller

from keras.models import Sequential

from keras.layers import LSTM,Dropout

from sklearn.metrics import,
—~mean_squared_error,mean_absolute_error,mean_absolute_percentage_error

from keras.layers import Dense,Activation

#getting data ranges(starrt date and end date)

start="2020-01-01"

end="2024-06-13"

#downlouding data

data = yf.download("BTC-USD",start=f'{start}',end=f'{end}') ["Close"]

#ploting BTC data

plt.figure(figsize=(10,5))

plt.plot(data,color="b",label="Data")

plt.legend(fontsize=20)

plt.title("Data")

plt.ylabel("Prices")

plt.xlabel("Dates")

plt.grid()

plt.show()

#applying ADF test

adf_before_diff=adfuller(data)
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adf_before_diff

#difrencing data

data_dif=data.diff () .dropna()

#ploting data after diffrencing
plt.figure(figsize=(10,5))
plt.plot(data_dif,color="b",label="Data")
plt.legend(fontsize=20)

plt.title("Data after difrencing")
plt.ylabel("Prices")

plt.xlabel("Dates")

plt.grid()

plt.show()

#ploting auto correlation and partial auto correlation
plot_pacf(data_dif)

plot_acf(data_dif)

plt.show()

#calculatig AIC and BIC and

best_aic = np.inf # Inttialize with a large number
best_p = None # Will determine the best p
best_q = None # Will determine the best q

# Iterate over possible wvalues of p and q

for p in range(1l, 3): # Range is 1 to 2 (exclustive)
for q in range(2): # Range is 0 to 1 (exzclusive)
try:

# Fit ARIMA model with given p and g
model = sm.tsa.ARIMA(data, order=(p, 1, q@)).fit(Q)
# Get AIC for the current model
current_aic = model.aic
# Compare current AIC with the best found so far
if current_aic < best_aic:

best_aic = current_aic

best_p = p
best_q = q
except:
continue

# Print the best wvalues found
print(f"Best (p, q) values: ({best_p}, {best_q})")
print (f"Best AIC: {best_aicl}")
#predicting with ARINA
training_data=datal:-50] .tolist()
test=datal[-50:] .tolist()
error_list=[]
predicted_list=[]
for t in range(len(test)):
model = ARIMA(training_data, order=(1,1,0))
model_fit = model.fit()
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predicted_value = model_fit.forecast()
predicted_value = predicted_value[0]
error_list.append(test[t] - predicted_value)
predicted_list.append(predicted_value)
obs = test[t]
training_data.append (obs)
#ploting forecasts
plt.figure(figsize=(10,5))
plt.plot(predicted_list[7:],color="b",label="ARIMA Predictions")
plt.plot(test[7:],color="g",label="Real Prices")
plt.ylabel("Prices")
plt.xlabel("days")
plt.title("ACTUAL VS ARIMA predictions")
plt.legend(fontsize=20)
plt.show()
#scaling data
scaler = MinMaxScaler(feature_range=(0, 1))
data = scaler.fit_transform(np.array(data) .reshape(-1,1))
days_touse=50
trains=[]
target=[]
for i in range(days_touse,len(data)):
trains.append(datal[i-days_touse:i] .tolist())
target .append(datal[i])
train=np.array(trains) .reshape(len(trains),50,1)
target=np.array(target) .reshape(-1,1)
split = -50
X_train, X_test = train[:split], train[split:]
y_train, y_test = target[:split], target[split:]
#building ANN model
model = Sequential()
model.add (LSTM(100, return_sequences=True, input_shape=(train.shapel[0],,
-1)))
#model . add (Dropout (0.2))
model .add (LSTM(100,activation="1inear"))
#model . add (Dropout (0.2))
model .add (Dense(1,activation="1inear"))
#training model
model . compile (optimizer="'adam', loss='mean_squared_error')
model.fit(X_train, y_train, epochs=27, batch_size=32)
pred=model .predict (X_test)
preds=scaler.inverse_transform(pred)
tests=scaler.inverse_transform(y_test.reshape(-1,1))
#ploting ANN forcasts
plt.figure(figsize=(10,5))
plt.plot(preds,color="b",label="ANN predictions")
plt.plot(tests,color="g",label="Real Prices")

83



plt.ylabel("Prices")
plt.xlabel("days")
plt.title("ACTUAL VS ANN predictions")
plt.legend(fontsize=20)
plt.grid()
plt.show()
# building a hybrid model
#getting train and test errors from ARIMA
train_error=datal:-50]
training_error=ARIMA(train_error,order=(1,1,0)) .fit() .resid
model = Sequential()
model .add (LSTM(100,return_sequences=True, input_shape=(7, 1)))
model . add (LSTM(100))
model . add (Dense (1))
model.compile(loss='mean_squared_error', optimizer='adam')
train_X,train Y = [],[]
for i in range(0 , len(training error) - 7):
train_X.append(training_error[i:i+7])
train_Y.append(training_error[i+7])
new_train_X,new_train_ Y = [],[]
for i in np.array(train_X):
new_train_X.append(i.reshape(-1))
for i in np.array(train_Y):
new_train_Y.append(i.reshape(-1))
new_train_X = np.array(new_train_X)
new_train_Y = np.array(new_train_Y)
model.fit(new_train_X,new_train_Y, epochs=50, batch_size=32)
test_data = []
for i in error_list:
try:
test_data.append(i[0])
except:
test_data.append (i)
test_data = np.array(test_data)
test_X,test_Y = [1,[]
for i in range(0 , len(test_data) - 7):
test_X.append(test_datali:i+7])
test_Y.append(test_datal[i+7])
new_test_X,new_test_Y = [],[]
for i in test_X:
new_test_X.append(i.reshape(-1))
for i in test_Y:
new_test_Y.append(i.reshape(-1))
new_test_X = np.array(new_test_X)
new_test_Y = np.array(new_test_Y)
#predicting with hybrid model
predictions = model.predict(new_test_X)
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Y = pd.DataFrame(new_test_Y)
pred = pd.DataFrame(predictions)
pred_final = predictions + predicted_list[7:]
pred_hybrid_gt = pd.DataFrame(pred_final[-1])
#ploting hybrid model forecasts
plt.figure(figsize=(10,5))
plt.plot(pred_hybrid_gt,label="Hybrid Prediction")
plt.plot(test[7:],color="g",label="Real Prices")
plt.ylabel("Prices")
plt.xlabel("Days")
plt.title("Actual VS Hybrid/(1,1,0)/tanh Predictions")
plt.legend(fontsize=20)
plt.grid()
plt.show()
#models preformance
print("rmse of hybrid model =",np.
—sqrt (mean_squared_error (pred_hybrid_gt,test[7:]1)))
print ("rmse of ANN model =",np.sqrt(mean_squared_error(preds[7:],test[7:
1))
print("rmse of ARIMA model =", np.
—sqrt (mean_squared_error (predicted_list[7:],test[7:]1)))
print("mae of hybrid model =",mean_absolute_error(pred_hybrid_gt,test[7:
~1))
print("mae of ANN model =", mean_absolute_error(preds[7:],test[7:]))
print("mae of ARIMA model =",mean_absolute_error(predicted_list[7:
~],test[7:]1))
print("mape of hybrid model,,
—=",mean_absolute_percentage_error (pred_hybrid_gt,test[7:]))
print ("mape of ANN model =" ,mean_absolute_percentage_error (preds([7:
~],test[7:]))
print ("mape of ARIMA model,
—=",mean_absolute_percentage_error (predicted_list[7:],test[7:]))
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