CHAPTER Il : RESEARCH METHODOLOGY Yv

3.1 Introduction 4

This section describes the methodology of the research. T ;:as examined
for outliers and subjected to time series tests to ensure it was s for beta analysis.
Furthermore, the return was then filtered to capture o@bel v' zero,threshold.

The downside beta values using the HV, EWMA gnd mﬁ)K In
establishing whether the results are in check, a %ﬁ beta jwa ntrodtléed This

analysis of downside beta involves d|V|d|ng the m@t with the
individual returns against the variance of t ark Q}fln |no ratio was
sought from using the established GN (1, be e two portfolio.

Similarly, in ensuring robustness4ef th Soat A beta scores was
used as a complimentary metlﬁk SQ
=,

Figure 3.1 : Schematic Design Of The Research
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3.2 Research Design

The randomly selected companies are highlighted in the table below,@d

of 50 Shariah-compliant companies and 50 conventional companies. Tﬁs%s were
all selected from the main market of FTSE Bursa Malaysia. As a result, eachrstock has

equal probability to be selected. Moreover, the vast number of stocks c%idered in each

pool (50 Shariah-compliant stocks and 50 conventional stoc s for reasonable

downside beta measures. l

3.21 Selection Criteria for Firms l ‘\;I.Q}Y'
The firm selections were randomly done,showevgr, ‘a criteria were

x- Y
maintained to ensure there is clear distinctiomw n mpliant.stocks against
their conventional counterparts. The c@ isted
Criteria for Shariah-compe nt stocks \Y ,q\
1. ltis constituted fron@ n mérket ’;I SE @a Malaysia.
2. Listed as Shariah-cahw'ant
3. Has a total mbezf 1239 Ir“adi dayé.%
o s & &,
4. Firm Im@ Zi. nance. b
5. Trad éwncy ian %It
_ \ N O
Crltel% onyentio iocé')
g%ﬁonst' v(iﬂ th@n market of FTSE Bursa Malaysia.

b4
t listed as Shariatas)&:pliant under Bursa Market Place (2020).
N

wn
QD
Eé‘
9
QO
(@)
D
~
N
o
N
(e»)
_\/

V. Has a total number of 1239 trading days.

0% 4. Firm listed under Yahoo Finance.

5. Traded currency in Malaysian Ringgit.



Table 3.1: Shariah-Compliant And Conventional Companies

No
1
2

3
4

~N o o1

24
25

3.2.2 Bursa Mala

The ma@xy i
¢

Composite ladex

is used

Shariah-Compliant Companies

Conventional Companies

Company No Company No Company No. Company
Adventa 26  Pansar 51  Abmb 26", K-Star Sports
Ancom 27  Pantec 52 Aeon Credit 77 Hume Ind
Services i
Apm Automotive 28  Petra Energy 53  Am Bank Al Lien Hoe Corp
Astino 29  Pan Malaysia 54 British Ame Toba 79 Leader Stl Hidg
Hldgs
Bimb Hlds 30  Public Packages 55 Berjaya Asset . 80 Maybank Bhd
Borneo Qil 31 Sapind 56 Berjaya Corp 81 Metrod HId
Cb Ind Product HId. 32 Sarawak 57  BremHoldings%" 82 Majuperak Hldgs
Consolidated . P~
Cocoaland Hids 33 Shccorp 58 Bumi Armada 83 Pavilion Real
Estate
Complete Logistic 34 Scanwolf Corp 59 m@ariShergBred. © 84  Public Bank Bhd
Dutch Lady 35  Scgm 60  Cimb Grp Bhd 85 Pentamaster Corp
Emico 36  Shh Resources 61 4. Dolomite Corp ¢ 786' . \Pb Engineering
Fiamma Hlds 37  Sig Gases 62 Eco World Dev Lbi Cap
Goodway Integrated 38 Sig Int 68" | (ster Industrie§)” '88\’ Rhbank
Ijm Corp 39  Sime Darby Bhd 64 Eksons Samchem
Corporations
loicorp 40  Slp Resources ‘5 Facb Theustries , 790 Southern Steel
Ivory Properties 41  Spritzer Warisan 91 Tasco Berhad
KI Kepong 42 Success V67 W 92 Tan Chong Motor
Transfogme 4(
Kretam Prop 43 Superlon Hidgs 68 Elk-Desa Resources 93 Tdm Berhad
Matrix Concepts 44  Taanp W 69 ap'Seng\C. Bhd 94  Teck Guan P'dana
Mesb 45  Tasek 70 Maa Group 95 Texchem Res'rces
Misc 46 TémSengLapital*™ 71 P Mexza'€orpn 96 Digistar
Mesiniaga 47  Time Dotcom 72 Hong Leong Bank 97 Yung Kong
Galvan
Nestle 48 g Herr ’ﬁ43 A3 Reit 98 il Corporation
ourc N
Notion Tsh Resources 74 Ijm Plantations 99 Mphb Capital
Ntpm \ Pestechf  J ' 75 ) Johan Holdings 100  Pensonic Holdgs
g b 4
a

BM KLCI)!

&
%b

Purs W&élaysia Kuala Lumpur Stock Exchange

B{/I @ | is a weight capitalized return series which

uge the ov Qerforﬁéu?ce of the Malaysian market. The distinguishing

|tma& selecting FBM KL@turns as the ideal index for this research is centered

§

ct that:

1. The scope of this research is limited to Malaysian firms

2. The FBM KLCI adopts the FTSE policies. It is run on international

standards, normalizing it across different markets in the diaspora. This is
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helpful for bases of future research where comparisons can be made quite

easily with other international markets.

Current aggregate market capitalization
Index = 997eg P x 100 :%\3.1)

Base aggregate market capitaliztion

3.2.3 Computing Rate of Return Q

Return is simply a measure of how much money an in

ains or losses on
an investment. It is a fundamental index in our computati ownside beta, which

ultimately discloses the level of beta. The daily stock retu

. X :
Return; = u,,_; = Ln (% P L$(3.2)
Y' NS é\‘?

Return; : u,_; : Stock Return\%\, 6&

Ln: Natural Logarithm, c—) \Y
Price, : Stock price at ti @ 4
Price;_, : Stock price%met Aj \A%
Xl S
Then, the targ%n is set. at .ijQ/ ecomes the mean (i) return to
differentiate the d'@* ret@ upsid (l}JmS. It is denoted by:

&

\ N (3.3)
4
Th thods for/modelling dm&n&ide beta using the HV, EWMA and GARCH
(1,2 3%&% the{ reflected iné:ubsequent section.

N
\(.-)

:\ﬂstorical Volatility Method
The Historical Volatility Method (HV Method) allowed for the realization of the

Qﬁt and second objectives as it is a measure of downside beta. It is obtained through

Where

—X
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computing the squared downward deviation from a benchmark (FTSE KLCI). In more

analytical terms, it is expressed by Post, Vilet & Lansdorp (2012) as: YV
_E[RnR; | Ry 0]  Covariance (R, R;) %\’3.4)
Powi = E[R%|R, <0]  Variance (R,,) s

The numerator details the covariance between the market anYﬂock returns
while the denominator highlights the variance of the market rettrgs. After sorting the
returns for Shariah-compliant stocks and conventional ckghe variance of each

portfolio was computed. Firstly, the daily returns are ub rac%the target

return (0). Then, the values obtained were each siéﬁan summed lFl?]gl)B' the

result was divided by the total number of trading in the‘;a ple Size. Ist.t tistical
NV

terms, it is denoted by: \S u\ \ g
- L R o o e

m—li=1 \ /(\
S

Where ‘% " ' &
o? : Variance, \ A] \A%
m : Number of%@s, vj : §
u,_; . Return on it® set,\i‘ 3 &

RN
-9

O

r@ @tes m{? from gains.

O

> (i~ )2 (3.6)
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NB: The beta for the 38" day was calculated by using the returns of the first 37
days. Therefore, there is no recorded daily beta for the first 37 days because thew
were used as statistics to inform on the beta for the 38" working day. \s not
necessary for the HV but for the EWMA.. Therefore, to maintain consﬂk/, the HV

was computed for the whole 5-year period, except the first 2 months 015.

3.4 EWMA Method

The EWMA is an instrument that detects sm ctuatlcs'\y mean of
data points constrained by time. Similar to the HV d the EWMA Was alsou\fﬂ"zed
to obtain both the first and second objectives oft udy. B} assu %on the
EWMA is significant only when observatl y dist Wted In our

computation of beta, the EWMA allo Wlllt in'm recenkwelghts having a
higher influence on the beta as op v%pr W\T _\ e innovation of the
EWMA over the HV method is th %Onﬂh Whl&agn higher magnitude
i arla@%re such that the 37th day

7
carries 94% of the total elgR This is Ialle s% ing parameter. The 36th day is
4% D

assigned a weight of (9 the iﬁh z&é}) The 35th day is assigned a weight

of (94% of the W@ SGt@d S0 QQ/ ‘This implies that yesterday’s return has
a much hlgh@ i? pr ?Lg ay’s returns as compared to the long run
t

0 recogni \%gt the introduced weights are allocated in an

to more recent returns. There e 3

history I orth
o'
expo t| declining rder T V‘gﬁalyas was done using Microsoft excel.

he Smoothing Parameter

;’3
0 The EWMA introduces a controlling/smoothing parameter lambda (1) which is

levered on each squared periodic return. A is a decay factor that lies between 0 and 1. It
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is typically assigned a value of 85% to 96%. The decay factor’s effects on the model is

such that lower A values will suppress the influence of more distant squared retw'

A lambda of 94% is chosen in this research as it is mainstream in rr@ncial

risk management companies (Morgan Stanley Capital International, nd?ySLhe weight

for the

94%)) and so on. This is represented as:

Wahab (2009):

most recent return was (1-94%), the subsequent weight recordeq 92% of the (1-

Y
2, ?Y. ' (3.7)
A : smoothing parameter, J l :\"}T
é 2 % 5

o : Variance, Y.

\ <
r @ stock return. \, “\ é
The EWMA uses a refined me of)i

Iculating vari@ This is given as,

o, = Ao? + (1 -V,
Where

(3.8)

In mawy,
{k.? / &
w irst cﬁt i fdail@ returns for the different portfolios in our study.

NV
ANext, we find the n threshold that separates loses from gains. This is

N

N

subtracted from the monthly log returns.
3. Then, the log returns subtracted from the return threshold is squared. This is

the variance of the portfolio and it is represented by:
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m

of = L E (Un-i =T | (Up—y <T)? (3.9)
m—1¢ 4
i=

Where

NS
% 3

u,_; - Portfolio return,

m : Number of days,

u : Return threshold that separates losses from %z '
4. Assign weights to the returns in descending order of pr'op\tQQWI?r'the
| | D&
most recent return carrying the most t. The: weights are a‘%%igned as
(1 — 2)A*=0 to the it" return. \ b

§Y.
5. The squared returns are mulwith :\r esponding weights and

O

I A
er@ading days to give the
&

uare root of the variance

summed up.

6. Finally, the value is diti

total downside va%
yields the st dmiati

values amongst,the po

na

>

\ e GARCH (1,1) mo}el is done using E-Views. The GARCH process is an

‘@ement over the ARCH process which estimates beta based only on past

Oiances. This was utilized in achieving both the first and second objectives. The

strength of the GARCH is dependent on the fact that it also factors the lagged
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conditional variances. However, before downside beta can be modelled using the
3.5.1 The ARCH Process :c')

Financial time series exhibit certain futures that warrants th ideration of
using ARCH models instead of homoscedastic models to estih&tj Firstly, the

effects of volatility clustering are very common in time riegata. This means that

GARCH process, it needs to satisfy conditions under the ARCH process.

moments of high and low beta are prevalent in a recursi nner tk@hat the time

period. This consequently leads to a time varying conditional mean. Mo ver,‘lam)gﬁ;ial
time series normally exhibit a mean reversion in t ta s -
H) i

The Autoregressive Conditional Heteroscedastici ) indi€ates unequal

variance in the time series that are auo\c? ed. Q\v nce i&,@ependent on the
auto-correlations of the returns and iEe errorterm: _\CD
|

o & o
Considering the ARIMA m eg the err term@ormally distributed and

&
the variance is a constant, theN turns ar eIIe@(Ghani & Rahim, 2019):
N
‘% (3.10)

8

C'%\t ter N
35 toregressive paraarn_ﬁtg?s

0‘% & Error term
And
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Where YV
b, : constant C}

Therefore, allowing for a time varying error variance ¢ and

the error term be conditionally normal such that: i

telle-1~N(O, hy)
This yields the equation of beta under the ARCH ( z as:l

0¢ = by + biui_4 \d' (3Y13)

Where é J ' _\("}
’ i
u?_,: lagged square error at t-1, Yw \ Y

by : by > 0 : Constant term,
=

b;: 0 < by < 1: Constant term\3
N

The parameter for b,is con ';d otherwise the modgfwill yield large values.
‘&

b,> 0 indicates the %erro s‘conta pos@ serial correlation.

b,<0 indicates%J red err ;J}Jn <thétive serial correlation.

b,=0 ind%seria' c\mion, ergo-no time varying beta.

¢
The, ARCH'(2) Model is\given by;
1 Y
% : ﬂ)o + g—l + bzug_z (314)
\'; O-t == bo + blu?_l + bzu?_z + e + bqu?_q (315)

o /s
0y,
Oﬁ"zq
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3.5.2 Testing for ARCH Effects

It is important to test for ARCH effects before estimating with ARC@.

Therefore, a general diagnostic was done on each time series. This is t e the
returns satisfy the requirements for the methods. These included the AR ffect test
and testing for stationarity tests. Y.

a. The implored ARCH Effect test is the LM Test. \,

b. The implored stationarity test is the visual test. Y- l

The presence of ARCH effects gives the permissien f M of ARCH

N
methods over the OLS. To test for ARCH effe ual plot i orle m:'ske the
s b 4§

presence of volatility clustering. Yv \ Y};
The squared residuals are represeqﬁw the R’i& Model givern below:

AN
Where c’) >\y Y \&
<> 0P8

by Intercept, <</

AN
b;: Parameters YS ' Aj ‘%\
i .
This is follKed; h bth';\s estf‘r@}?l' he hypothesis proposes that the

parameters have Mect n@

suggests that \metrs‘do ;!em ﬁ‘\‘Uuence on the squared residuals. Therefore:

O
: 0 [youy* fﬁ@present]
b
Si :'b; # 0 [ARCH eff Yresent]
N

The significance of the parameters (b;) means there is ARCH effect present.

Qeiefore, testing for ARCH (1) effects gives:

fif = bo+bifif 1 +e (3.17)

uals. While the alternative hypothesis

Where
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by: Intercept,
b;: Parameters,

fi2: Squared residual at time t, (q\

e;. White noise.

Consequently, failing to reject the null hypothesis meJ;e model is

homoscedastic while rejecting the null indicates the model,is medastic.

ARCH Effect Process using E-Views .\¢
The data for all the stocks used in this rese assed the ARCHeffect and
D)

arc I
can therefore be modelled using the GARCH (1, rocess.‘.T e method QO}ARCH

effect test is the Lagrange multiplier (LM). Theftest d pre eng\e"of ARCH

effects. If there exist ARCH effects, R-sq@:or

GARCH term (b,). Furthermore, the resultssshowsthat t s’t&gjared > Prob. Chi-
A

Square (1). Therefore, the null i 'aedﬁ\r%ep i p@ence of ARCH effects.

“ &

Therefore, the ARCH modelﬁq& chniquessis Jused g"ealculate the beta. This is

N
replicated to examine all.the %ck retur’vs used i t@earch. The modelling software
g of i

employed for the testin CI—Kﬁfe Ef\é'(zws. The steps are as follows:
1. Tr@r t lretur is Ioa@
N

Z.G}Nim ion 0 e’;hu' is done using OLS
Q—H-test select @(‘ residual diagnostics
4
H

y higz mpared to the

6 E GARCH (1,1)

In addition to the standard deviation method of estimating downside beta for the

selected portfolios in Malaysia, this paper also intends to use GARCH as a comparative
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measure of downside beta. The GARCH model is a variation of the ARCH model. The
GARCH Model involves modelling the mean return series and also the con?ﬁul
variance of the residuals (Emenike, 2010). It was first modeled by Engle (@

In a GARCH (a,b) model, the first letter (a) denotes how man egressive
lags or ARCH terms appear in the equation and the second letter (b) rm how many
moving average lags are specified, as denoted by Engle (2001 \,

The Generalized Autoregressive Conditioned Hete )X:miy GARCH (1,1)
is a stochastic means of estimating a portfolio’s beta, an urs cwgownside
O.I‘@YS;VE
no@ge about
e futu@;;h sufficient

beta. This involves first modelling the stock returns best-fitti

(AR) model. Autoregressive simply means havi

the past that allows the efficient use of infofmati
accuracy. The error term refers to the W}viaﬁons n th@lsgression line. Itis

generally calculated by accounting%ll thepﬁigat a,ldibutside the trend line.

Lamoureux & Lastrapes (1990)%ersisfént sh oEféatility are overrated using

the standard GARCH mod %5
X

of the conditional vari oted by H mil @asan (2016):
' ¢ &
Wh NS
ere \ g :' C,)(J
he— oaitio | vasiance, ()
\A?w : Squared error,\q/

1: ARCH parameter,

0 6,: GARCH parameter.

>
o

4
Wy
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The more distinct representation decomposes the w term into two parts, defining

it as the product of a weight and a long run variance: YV
)3.19)
Where,

v : Weight assigned to long run variance Vz

V., : Long Run variance/conditional variance Y'

w =yl

The stability condition of the GARCH (1,1) modekis suchythats
0<6,<1,0< by<landf, + b, < 1. l_\c}

s b 4§
The GARCH (1,1) downside beta valuesYz;Eo M oa t-tQi\Lt'o establish

me nsalues between

othes@roposes that there

t S
is no statistical difference in the d n%i alue @;@een the two portfolios.
cé’de

q
The t-test was done with a 95 Q-

nce'tevel. A%

The major differen tweeh the@three els used in this research is
N
highlighted below. F ¢ b o &

O

'I@ﬂ: Major di rencef-?ween the three model
Differences,\(Model ‘\ | ,EQ\}/IA Model GARCH Model

Number of

whether there is statistical significance gof diff

Shariah-compliant stocks and conventio ocl{he

. 1 2 3
weights
Greater w , ) NS
to more&w} NoJ" é Yes Yes
returns 4 A" o
Mean reversion  No No Yes
2 _ 1 N \') =2 2 2 2 7 7~ ~2
M’J‘ On = (up—; — 1) o =1 =Np*,_ +A0%, 4 hy =yVy +01he_y + by, |

i=1
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3.7 The Sortino Ratio

When doing a comparative study between beta and return preri&\ the
S

commonly utilized method is the Sharpe ratio. The ratio basically subtrac!s@j

or target return rate from a security’s return and then divides the result with the

free

security’s standard deviation. However, for downside beta to return Rio, the Sortino

ratio is utilized. The slight variation between the Sharpe an rtino ratio is the
exclusion of upside beta in the Sortino Ratio. The Sortino ra actjthe target return
or minimum acceptable return from the average returns anthgdivides th g with the
downside beta scores. This was implemented in g the thirdyebj ctive f the
study. The minimum acceptable return score in thi e‘;e IS 0.4\%;eover, a

higher Sortino ratio indicates a more eff'itl rtfolﬁﬁwith high@eta to reward
«
- r p

ratio. The average Sortino ratio for t eriod i aIcuI for both Sharia-

compliant stocks and convention . The@d&?at'

0 e,
of accuracy, edging over the e method fo c&np@g performance of excess
X
returns which are skewed ( \y John 200_$T his is represented by:
L

Up_i :@or urh, ;'
@, .
(N thrf's Id that/'sep s losses from gains,

4
: Downside deviation. \3'
S
\f:he t-test is iterated over the scores of each company’s Sortino ratio score to
tabl

ish any fundamental difference in mean values among the two portfolios. The

{g}s exhibit a good level

. (3.20)

ypothesis proposes that there is no statistical difference in the Sortino ratio values
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between Shariah-compliant stocks and conventional stocks. The alternative hypothesis

suggests that there is a difference.

3.8 Robustness Test : )

The coexistence of both Shariah-compliant and conventiona creates an
appetizing need to establish the downside beta and performanc Shariah-compliant
and conventional stocks. While this is done using sufficient methods, it is important to
perform robustness tests for downside beta as well as p nce of hL twogportfolios.

The robustness check for downside beta is done usingythe markff)ej&gt;‘ﬁmﬁzﬁark

for the two portfolios whilst for performance meas esults gft eE MAQe.t scores

\ S
(\!: T &
\ &

were used.

3.8.1 Downside Beta

| : S\ |
The downside beta values as th e .@talned from computing
e,

@
the covariance between the m ownside.returns arid Ah&dividual company returns
divided by the variance of t!?ﬁet rturn. IS q@mplimentary method to ensure
l %
robustness of the first% ond O‘bj cti 331215 rmulation for the mathematical

representation of ;Kwodolfwy\ted is given by Estrada (2007):
&
o X in)

(3.21)

e return on the it" t,
X G”
\m Return on the market,

QE U,, : The average market excess return.
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The downside beta values obtained in each portfolio was subjected to the t-test
to observe whether the results corroborated the findings of the GARCH (1,1) dovlde
beta scores for the two portfolios. As highlighted earlier, the t-test is @}ed to
establish any fundamental difference in mean values among the tw lios. The
hypothesis proposes that there is no statistical difference in the dovRae' beta values
between Shariah-compliant stocks and conventional stocks. T%alyﬂive hypothesis

suggests that there is a difference.

3.8.2 Performance g \Y'

the performance of the two portfolios as a complimentar }hq tot Q}A}RCH 1,1
Sortino results. This model was instr rrw achi e thi(Q%

study. The data was compared with mt NQ ance using the GARCH
(1,1) beta scores. The EMWA is s C\q ag@ robustpess te@%cause it does not suffer

g?t
q Q
severe penalty when used in M ing retu t ex nce medium shocks (Ding
N
& Meade, 2010). The rforRance scores W, e‘su@d to a t-test to analyse whether
the two portfolios will yielaatist' H'y i eréﬁtﬁean values. Similarly, the hypothesis

jective of the

3

no Stati iLaI i erenc@he mean downside beta value between

Shariah-comp@gb ck ar%/?#tioﬁaggtocks. The alternative hypothesis suggests
that there Qﬂbrenc ~§J

&) v
N 5

3.9 othesis Testing \C}’

@hieving results for each objective, tests are done between the two portfolios to

lish whether the results displayed similar and statistically significant mean scores.

proposes that the

&/

ence the necessity for hypothesis testing. All hypothesis testing was done at 95%

confidence level.
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The general format of the hypothesis proposes that there is no statistical

difference in the measured mean values between Shariah-compliant stoc

conventional stocks. The alternative hypothesis suggests that there is @ence.

Therefore:

Where : '
H,: The null hypothesis, \d‘
¥

H,: The alternative hypothesis, I _\i‘)
Uq - The difference in mean values betwe o% i0s. \,T
3.9.1 Two Sample T-Test for Equal V\%\, Q\

N

published anonymously by Willi ealy Goss 4 as <S.L_Q'jent (1908), the t-test

parameterizes the degree of fre , th Wnd*%fribution values to calculate
the statistical significa% ean valis fog'two % f variables. The t-test analysis
data from the EWMA methed, t Sé (1,{ hod, the Sortino ratio scores where
EWMA and GA&\(J ' icle be@re used. As a method based off of
hypothesis te@e r’ll hy IR 61'(&{9 t-test assumes the mean values for both

O
portfoh@ﬂal. P A é\
g[h - M2
E Hy:pug #0
0 Where,

Uq - The difference in mean values between the two portfolios

The t-test is a measure of se' %ce i rrTri g two sets of data. First

(3.24)
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Hy: The null hypothesis
H,: The alternative hypothesis

The equation for the t-test is given as: C}

‘= (X — %) — (U1 — 1p)

Where,

Ugq - The difference in mean values between the tw 10S '

X1 — X,: Sample mean from Shariah-compliant an

N3
U1: Mean return of Shariah-compliant portfeli l .\:)
’ b 4§

U,: Mean return of conventional portfolY' \
ny, n,: Number of sample size foréWcome"an d

sp: Pooled standard deviation \ \
Hy,: The alternative hypot b >’
@ Q
&

q
The research looked intms 0 %gbet@r both portfolios and to draw
conclusions on whethe%;rence in me val@ statistically significant or not,
. Si

(@]
o
S
o
>
2
wn
—
o
(@)
~
w

-
J;
/)},

' 2
don@f the Sortino ratio scores. The t-test

o

was computed I()&(iabl ithgequal @lances or for variables with unequal

YUY
variances. To ine Whichset 8f r ssﬁﬂs from the study should be subjected to the

t-test W@Varian ,o%ts ou@part, an F-test was conducted.

N
3.9 est \(”

the t-test was explored. Simila

=

‘%’ he F-test allows for clarity as to whether the two sets of data have equal

Oiances or not. This is achieved through comparing the standard deviations of the two
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samples for variability. The null proposes the standard deviations between the two
samples are equal while the alternate hypothesis suggests the opposite. YV
Hy: 0% =02 %\.26)

Hy : o} #+ o} (3.27)

Where q
o,: Standard deviation of first sample, \,
o,: Standard deviation of second sample. ? z '
The F-statistics is then computed as the ra variance of mﬁlk ans

tio ofithe thes
L
divided by the mean of the respective group speci riance. ?I ,th F-cri&c_ values
ce

were obtained through dividing the square of the high \-&LL @st the two
samples with the lowest. The degrees of Nwe Wai hrough Subtracting one

(1) away from the sample size. \ _\O

Microsoft excel was used n&ze&?‘%’(lﬁa er the F-test. The flow
q4 Qr
diagram simulates how the F-% t-temi the L)Q&aut of the research.

\

If p-value > 0.05 4 1 If p-value < 0.05

&
 No significant difference é e Significant difference
between mean values y between mean values

e Fail to reject the null e Reject the null
y
Perform t-test with equal Perform t-test with unequal

Figure 3.2 : F-Test Flow Diagram
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