CHAPTER 3

METHODOLOGY

3.1 Overview
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R
O
X

Seasonal Autoregressive Integrated Moving Average (SARIMA), Holt-Winters

Exponential Smoothing (HWES), Autoregressive rate ovi Average

@
(ARIMA) and Single Exponential Smoothing (SES) series are app aihe@)ga by
; -

practitioners in many fields. SARIMA, ARIMA, SE HWES‘used to for'qcast zakat

Xy of Q{Y?n,odels was

compared using various error measurwm\‘?c as of\the Mean 8qare Error (MSE),
tage. Error (MAPE). The

Mean Absolute Error (MAE) andgMean b$
forecasting results improve as the AE, and MAPE es are reduced.
% &
N\
3.2 Data
S
~

The data used in this rese arwé y. secondary data obtained from the

official website&be lkat 'stitu& (https://www.zakatselangor.com.my
/informasi/la@tivi’i-zhk gnld @&rf)s://www.maiamp.qov.mv/index.php/info/

-

muat-tu@&ﬂrv/l? apogan ah<v -maipk.html) for LZS and MAIPk and the data
for P S is from the zakat Institutions. This study uses monthly data of zakat
5

c Wn from January, 2010 to December, 2019 for LZS, PZNS and PPZ containing
Q%servations for each zakat institutions and divided into three groups as follows:
I The in-sample data comprising of 108 observations (January 2010 to

December 2018).
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https://www.maiamp.gov.my/index.php/info/%20muat-turun/category/17-laporan-tahunan-maipk.html
https://www.maiamp.gov.my/index.php/info/%20muat-turun/category/17-laporan-tahunan-maipk.html

ii. The model validating data for 12 observations (January 2019 to De?.'
2019).

iii. The forecasted values of monthly data of January 2020 to Dm 2020.

Whereas yearly data of zakat collection from 1991 to 2019 is zed for MAIPkK

containing 29 observations and divided into three groups as f

i.  The in-sample data comprising of 24 obse (1991 0'201
ii.  The model validating data for 5 observations (20 5t0/2019 '
l _\"}
iii.  The forecasted values of monthly data 020 to }0 1 e
Y' Y
c\/: L &
3.3 Methods \ 6

l
known as SARIMA me od time sgfi eta g method for stochastic model data

A
Box and Jenkins (1976) pepular ed jve a)tg rated moving average
(ARIMA) models for analyz e series,dat Wlth éegonal trends to develop a
forecasting model. Season oreg’e53| te Moving Average or better

/

with seasonal dat (Po‘gdat nd P , 2018) According to Li, Le, Xinli &
Xiaoli (2017) an eg , Makmur & (2018) the SARIMA modeling consists
of four st othln over ti eiée& (differential operation), model recognition,

para mge atlon an moJeI div;gnosw and model forecasting. Data transformation
q

is y required during th':é’moothlng process to make the time-series stationary.

%IMA model was developed after the series was verified to be stationary. The

Odel was tested for adequacy before being used for forecasting. This was

accomplished by examining the residuals' autocorrelation function (ACF) and partial
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autocorrelation function (PACF). In addition, the Ljung-Box test was used to de ine
whether the model was correctly specified. A significant p-value less th as
used to acknowledge the presence of structure in the observed serig&%)/as not
accounted for by the model. After determining the best model, month t collection

values for the year 2019 were forecasted. To analyze and find W -fitting model,

Minitab version 19 was used. q

It is not uncommon for data to show a trend patter he t (:}euldqrecasting

: N
technique, where the pattern of data shows a tenden rease Or d ale._@b Holt-

Winters Exponential Smoothing method is cas% od tihg~ uses an
T

exponential smoothing approach and is E pre‘?ﬁious recas&& results. This
s f sea@ data patterns. In
AW

/e’ two main models:
N

method also includes additional para

the Holt-Winters Exponential Snﬁﬁng @ er
L
multiplicative and additive. T)‘% I

dealing

nal patternywas u @) determine the model's

Y §

determination (Pongdatu a ; 20,8

3.3.1 ARIMA@an RI Is O
27 6
Thi d forl selegti fé\ ropriate. ARIMA model for estimating and
1
forecasti ime-serie mcﬁded?dentification, estimation, diagnostic checking and

NV
fo% .ARIMA is a mode*ls'&Rat includes autoregressive (p) terms, differencing (d)

‘éand moving average (q) operations (p, d, q). The statistical properties of a

Otionary time series, such as mean and variance, remain constant over time. The series

is usually nonstationary because of the seasonality. Hence, Seasonal ARIMA
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(SARIMA) is an extension of the ARIMA technique to a series in which a

repeats seasonally throughout time and it is expressed as SARIMA (p, d, q @
asonal

which that the seasonal autoregressive (P), seasonal differencing (

moving average parameters (Q). For monthly data, s is the number ?ﬁfiods before

the pattern repeats (Siregar et al., 2018). \,

The ARIMA model has gained popularity among c:ers \’/ho believe it is

superior in providing short-term forecasts (Pai and Lin,%2005). The A diel
projects future values based on a linear combinatio @QI’ICN ror, aL\ alues
ARIMA is made up of three parts: \,‘T
X 4\“'
i AR, which stands for autoreg@ W
ii. I, which stands for dlfferencmg Y _\
iii. MA, which stands for avar e. &

U <8~'
As shown in (3.1) (Razali e I 8), r A(p e@ model is written in intercept
form: % [ 0’
4 2
L 5
Y = o + P11, & 2 -I-l + ¢,V t — 01U + 03U + -+ Ogu_g
N
\ J_l %(J 3.1)
) XY,

Yiisa a alue, tbj%nda rrors O and ¢ are coefficients, p and q are
S
debiyi et al., 2014)~,

When an ARMA model's time series must be differenced a certain number of
Owes before becoming stationary, the model is called an ARIMA model. As previously

stated, a time series that must be differenced d times to become stationary is referred to
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as an integrated of order d, denoted I (d). The graph (see Appendix A) where MA
and AR values are plotted with their respective significant values. We co %;1
significant value from the AR model and likewise 1 significant vaIu@e MA
model. So, the ARMA model will be obtained from the combined Tﬂf the other

two models will be of the order of ARMA (1,1). This furtw ns that if the

tiRseries is stationary at
e 1)I1]\are several
L ]

her
methods for determining whether or not a time seriesjis, stationary. Th u,ocoL) tion

underlying AR and MA models are of the first-order and t

the first difference, the ARIMA model is denoted A

function, also known as the ACF, is another to chefk for tatioa%pi y. The
NV

autocorrelation function is the ratio of the zvaria a gié@”lag to the

autocorrelation function. Generally expr yag o the varidnce. At lag k , p,

denotes the ACF and is defined as fclows; (JaENrY L s@u. 2020)

N
¢ 3 &

)

= 3.2

\E )ﬁ} kg 32

S
U ol AR

where y, is the covari ag % Ihe% ance. A correlogram can be used

O

to plot the ACF. 1& seriei couldybe corzfi/@ered stationary if all or most of the lags

are statisticall Mnifi ant, there is neg,pecific pattern, constant variance, and the
b 4
S

autocorrel varigus Tag hove\Ldround zero in the correlogram. If the ACF
i

correl wsemblt{s i no@ocess, the time series is most likely stationary.
& S

\
The Box-Jenkins methodology consists of four consecutive steps that should be
%w

b, =

[

@

ed when building an ARIMA model. The first step, identification, is used to

Qermine appropriate values for p, d, and g. In the first step, the ACF and partial

autocorrelation function (PACF) with their respective correlograms are used to detect
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patterns in p, d, and g. The PACF calculates the autocorrelation between obse%iogs

in a time series separated by k lags, with the intermediate autocorrelation M ags
e

kept constant. The second step is to estimate the parameters in the mom hree is
diagnostic checking, which evaluates the goodness of fit of the chos MA model,
typically by determining whether the residuals are white noise. Wsiduals are not
white noise, steps one through three should be repeated wi nmms forp, d, and g.
Yet, if the residuals are white noise, the model shoul epted Wossible to
proceed to step four. Forecasting is the fourth step, in Which the rr;idel is se,d t:)é;&?:ast
desired periods for the time series. (Jansson & Lars 20202.( bzajz al\.%}w)

ir>ber 0@‘{ the Ljung-

Box statistic has been used. The nuN degrees 0

statistic is m, where m is the numb(angs. The\wﬂ Atatistic can also be used
%J >

to determine whether a series isahi ise T’(')r a givem nu of lags, so it can be used

\! &
for the third step in the Box i mer ology, de@ning whether the residuals of
noige. T

the estimated ARIMA% e Wh'i‘t P
&
not a white noise Rss if@ xﬁiﬂtic is statistically insignificant. The
Ljung-Box statistic is @efine &
(J m )
NN p
% P ;L=n@+2)z<n_"k> (3.3)
4 Y' k=1

>
w)'wK notes the size of th ple, m denotes number of lags and pyis the

‘é(relation at the kth lag. (Jansson & Larsson, 2020)

In this study, Box and Jenkins time series modelling techniques are used to

model zakat collection data and forecast zakat collection over a short period. In the
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zakat collection time series data, a combination of seasonal and non-sﬁgﬂ
ed.

Autoregressive Integrated Moving Average ARIMA (p,d,q)x(P,D,Q) mod&tl

The non-seasonal component of the Box and Jenkins ARﬂ%model IS
represented by three parts: Autoregressive (AR) of order p, Moving Rerage (MA) of

order q, and the degree of Integration of order d, ARIMA (p, dﬁy
V...

Assume we have N observations for a univariate time att, Y

the Box-Jenkins ARIMA model for time series data is,given by (Yema 20]48'
H(BIAY, =+ 6( d S 6

N\

X
where, ¢(B) =1- ®,p1 — d,p% — @%QlCD ‘;’\ B@t 1-6,8—
0,82 — 058% — ...— 6,87 \ ) g
S is the backward shift operator aE %Z’ﬁ’ﬂ n &) i@ non-seasonal AR and

o
MA operators, d is the order intemjfere&égg and €, is Gaussian white
N

noise while L is a constant.
é?? ' N
RI

S 2
The Seasonagk be réék’sented in a multiplicative form as
ARIMA (p, d, OJP\&Q)S, . d, ?fépresents the non-seasonal component of

A C

!
the model, (P*D"™Q)s represents the s a‘s'o?mal component of the model, and s denotes

the num %?iodyp br;:'son. P@nds for Seasonal Autoregressive (SAR) term, D

for we of seasonal diffe@gtj‘(;) performed, and Q for Seasonal Moving Average

( erm in the seasonal component (Pongdatu and Putra, 2018). A fit from the

Q onal-ARIMA model can be written in the following general notational form:

_2\d(1 — g\Py. — (RO ()
(=P -pPY. =u+ T2, (35)
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where, £ is a backward shift operator and @ and O are the Seasonal Moving age

(SMA) and the Seasonal Autoregressive (SAR) polynomials of ordet\ Q

respectively.

If the data is not stationary, modifications are required to produce stationary data.
One of the common ways used is the differencing method. T@gine whether the
series is stationary or non-stationary, viewing the plot of th iesior itg difference form
can be used. The process of differencing can be done me ewl’ the data
N4

become stationary by subtracting data with previ a. Accordi t‘ @mngki,
2019) a handy notation in the differencing metwu e b& ift B&érator, as
Y-

follows: :V °‘ {\
BX % \>

@

“« Q-
Notation B has the effect of SM ata Nackmcﬁd. And then will change the
data 2 periods back, as ||ORZ

(3.6)

-
7y

§ X! =X, —BX, = (1-B), X, (3.8)
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The first differencing is denoted by (1-B). The purpose of the differencing cal%
t

IS to achieve the stationarity, and in general, if there is a difference of htN 0

reach stationarity, it is written as follows:

1-B) X, \3 (3.9)

Plot the series in Minitab, to find out whether the series i tat%ary or not. It will be

checked by viewing the plot, ACF graph, and PAC . To d%the mean
value of zakat collection the following equation is u ’ \Y'
|.S

ows the series is not

Based on Minitab 19, the time serlesm figure 3.1
; Q\ g
t QCF illustrates that the

constant. After viewing the serie |str|
series is not stationary becau % %j &i&he significant limits, and
\not significantly close to zero

F diagra crib ? the data is interrupted after lag

Partial Autocorrelation Function for LZS Autocarrelation Function for LZS
{with 5% significance limits for the partial autccorrelations) (with 5% significance limits for the autocerrelations)

@ o
ooz Ill % oz | | |
I E
m.."l |II e ||'“" I "II EE | S o AT 1l - 1 L ||IIIII
< 3

1 5 10 15 20 25 30 35 40 45 50 1 B 0 15 20 25 30 EL 40 45 50
Lag Lag

Figure 3.1: Plot time series ACF and PACF function.
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There are two types of stationaries: stationary invariance and stationary in the r?.lf
it is not stationary to the variant, the Box-Cox transformation is carried outm S

if it is not stationary to the mean, the differencing is carried out.

I.  Testing stationery invariance, a time-series data, which wgary from time
to time, have a constant and unchanged data fl ua&n he data is not

stationary invariance, the transformation box- be us mini-tab.

The result is as follows: é qg ' _{,)
T

Box-Cox Plot of LZS

-

Lower CL Upper CL

X
using 95.0% confidenca)
Estimate =037

Lower CL -1z
Upper CL -0.46

Rounded Yalus -1.00

StDev
S

———————————— Limit

‘v " ~
\j} N
Rigu C}i B@gc'ox of real data.

Based o h Its bo%x es \h own in figure 3.1, it can be seen that the is

not m to the variance y@gmce the rounded Value # 1. Thus, it needs to be

tg\'ned according to the Rounded Value stationer.

The stationary test in the mean is the fluctuation of the data around a constant
mean value, a way of doing stationary testing when the data is not stationary in

the mean is using the differencing method to produce stationary data.
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Differencing is carried out by reducing the value in a period with the an%gn

the previous period. c\
3.3.2 Single Exponential Smoothing Method ?

Exponential smoothing is a powerful moving average f

still simple to use and is commonly used for short-term

use of a few previous data entries (Khairina et al., 2049). It

compute because it does not require keeping tra prewog's input data. Iﬁ‘ades the

My =M, + a( %) u\ Cs< (3.11)
where, ‘%% o >\y1 §

M, is the forecast value for p

M;_, isthe forecast value f rew'us period t
l

N;_4 is the actual zakat%tlon valt E(fy

d<1 <

N
l C,)(.z
Th f the yn al thing constant determines the accuracy of this

techni 3 stant va es ghoul!tbe chosen so that forecasts are more accurate.

lous period t — 1

ais smoothing c tan

I/\

L

F error, which is thehc'aerence between actual and forecasted zakat collection,

‘é to assess forecasting accuracy. The goal is to find the constant that reduces

Oecast error to the smallest amount possible.
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3.3.3 Holt-Winters Exponential Smoothing Method Y'

Winters (1960) extended Holt 's method to capture direct seasQnality: The
method of the Holt-Winters is based upon three smoothing equations % level L,
one for trend b, and one for the seasonal component represented by S& This is similar
to Holt 's method, with one more equation to handle with so x{nality. There are
two different types of Holt-Winters, depending on n?:]e' seasonality is
represented in an additive or Multiplicative approach rid i;\\dgelwright,

Y
1997). When seasonal variations change proporti the level tt‘e 2@35’ the

Multiplicative Holt-Winters (MHW) method is ed a@ easoanariations

are roughly constant throughout the seriei: iti

is preferred (Suppalakpanya et al., 20
S
&o
3.3.3.1 Additive Holt-Winters W :é\
'
The Holt Winters m ods% tiulhéjg of the seasonal factors for periods
(denoted by S). T&\ah’neteri p, states the <Z&hber of seasonal periods in a year. For

N
example, p = Nld resp J'tb rrto'gtblly seasonal adjustments and p = 4 would
correspon erly easo’al djés\&qénts. The following are the basic formulas for
0

additi W (Lidigm 1),
N S
N
\yt —Sies) + (L —a)(Le—y + be_y) (3.12)
02 B(Ly—Li—1) + (1 — B)be_q (3.13)
Se=v(Y; =Lty — b))+ (1 —y)Ses (3.14)
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Where s is the length of seasonality in months, L, denotes the level of the

Foom =L + bem + Se_som %}

ahead and the parameters («, § and y) generally constrained to lie b, re ts

growth, S, is the seasonal element, F;,, is the forecast for m betwee& and 1.

3.3.3.2 Multiplicative Holt-Winters (MHW) Metho ‘\d
@

N4
Le= asis + (1 —a)(Le—y + bt—y) é ’ -{’)(3-16)
b 4 \’VC

b =B(Ls — Li—y) + (1 — B)by_, \3.0‘ N Q\Y (3.17)
S, = Ye \% O<<
t_yL_t-l'(l_y)St—s T A
O S

Fiom = (Lg + bym)Si_sim 94 (3.19)
X~ 4

[ \?
Y; is the observ%e at % W’(%’:l le part at time t. S; is the seasonal

part at time t. b, isithe dpa‘ta

E——

t tirpe t. F%El's the forecast value at time m. m is the
. : O .
predicted the Nr peri .:l |Lghé season length.a , B, ¥y €[0,1] is the
smoothin er, B, y take$ theprinciple that the root mean square error (RMSE)
' 4
betwefwedicted a mG‘asuréQ‘Values is minimal.

%

N
N
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3.3.4 Error Analysis c\z

Forecast accuracy of forecast error measures can be critical when dealing practical

problems (Yokuma and Armstrong, 1995). Forecast error measures areicommonly used

to assess the quality of forecasting methods. Error measures y detect the best
o

forecasting mechanism in the case of multiple objects (Sh e‘ al., 2013). As a

result, it is critical to find the best smoothing parameter es as ha iJIustrated

I
later in this study. When comparing Seasonal@& withh H S'aggi’ﬂaches,
forecasting was conducted over 12 months. T rm% h method can be
calculated by using mean absolute erro Jﬂ nﬁ‘an a olute&r‘z;ntage error
(MAPE), mean square error (MSE), aM ean squarggerror @SE) to define the

most efficient model for forecastin%collectio\\zﬂ:i?k 3 K‘b?main error measures

that have been used in this stud%ed glow |5Wi2§$ mad and Nor (2020).
~
$

i (3.20)

M L. x100% (3.21)
A7 3

2
T2alyi=9l

MSEY = (322)

m |y._o.|%
RMSE: /W (3.23)
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where, Y'
€=V~ J; ! CO\

Here Y is the actual load, while 37]. is the predicted load. MAE.is a measure of
all the indication data based on the assumption that they are all eq&ﬂghted (YYaffee
and McGee, 2012). If the forecasting method is good, heWarison error with
previous data is close to zero. MAPE is a relative mea ti eqw MAE. It

refers to the accuracy measurement used in quantitatiie method fareca gi Accggaing

ider@ccurate

V Y
forecasting, 20%-30% good forecasting, 20%-50% acc \‘}e\ orecastifig, and more

than 50% as inaccurate forecasting. M tho t'1§d

by providing a degree indication, but with"m eit.
&2 A
especially undesirable, RMSE squ? ot W@%s al alue.

to Ahmad and Nor (2020), if the MAPE is less 10%,}t IS co

/t%/
:S;o
7
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