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hypothesis is incorrectly rejected. When you use the 5% (0.05) significance
level, you have 8 5% chance of making a Type 1 rvor. You can reduce this by
using a more strngent level such as 1% (0.01), but this increases the probability
of making a Type I error

When s mumber of sigificance tests are spplied 105 st of data it s generally
considered neceszary to spply some method of corecting for multipl teting,
you carried out 100 Ftests, 5% of them are expected to come out ‘significsnt’
just by chance. So mltple signifcance tsting can lead to accepting outcomes ss
sgnificant when they are not, 8 Type | error) To prevent the occurrence of a
Type | error some rescorchers simply set the significance level necded 10 be
ceached at the 1% level, but this does seem rather arbirary. A more precise
corvecton for multipl testing is the Banferroni correcton in which the 0.05
probbility level is divided by the number of times the same test i being used
on the data set. For example, i four t-tsts are being calulated on the same data
et then 0.05 would be divided by 4 which would give a probabilty level of
00125 which would have to be met 0 achieve statistical signifcance.

RECAPITULATION OF ANALYSIS OF VARIANCE (ANOVA)

ANOVAS like t-tests, examine the differences between group means. However,
an ANOVA has greater flexiblity than a -tet since the researcher i sbe to use
more than two groups inthe analysis. Additionally ANOVAS e sbl to consider
the effectof more than one independent varisbl and to reveal whether the effect
of ane of therm i influenced by the other: whether they intract

Varisnce summsrises the degeee o which each sore differs from the mear
and s implid by the nsme ANOVAS consider the smount of variance in a dats
et Variance potentially arises from three sources: individual diffrences, error
and the effctof the independent varisbl. The sources of varince in st of data
are expressed in the sum of squares value in an ANOVA. In a between-groups
analysis of variance, the between-groups sum of squares represents the amount
of variance sccounted for by the ffec ofthe independent variabl with the esti-
mate of ervor removed. The sums of squares are divided by the corresponding
degrecs o freedom 10 produce the mean square betueen geoups and the mean
squore within group. The ratio between these two figures prodces a value for
F. The further away from one the F value is the lower the probability that the
diferences between the geoups arose by chance and the higher the level of

ficance of the effect o the independent varisble.

Repeated measures ANOVAS oceur when the partcipants complete the same
et oftasks under different canditions or in longirudinal studies where the same
tasks are completed by the same partiipants on more than one occasion. There
are additional requirements which need to be met in order o ensure that the
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Table 1.1 Hypothetical daea from an expeniment comparing the effects of
deacing ncseon menial akbimesic prformance fof male and fomales

Sexof pnipante

Noie Males Feales

Loud 036 031
Quier n3 fertt
None ne s

resuls from s repested messures ANOVA are relsble. One of thece is known a2
sphericity and tests fo i sre given in the output from the computerised sati-
tical pockages used to analyse dats. If the test is significant, sphericiy i o
problem within the dats. Sphericiy i concerned sith the smilrity of the rla-
tionship betwen the dependent and independent varisbles in a repested mea-
sures design. I the relationship between them changes over repeated messures
of the dependent varisbl,the sssumprion of spheriity is violated and this ill
increase the chances of » Type I error oscurring, To overcome violaion of this

assumption & sticter sigaificance value can be set, or one can use corrections
such as the Greenhouse-Geisser, Huynh-Felds and lower bound epsilo formu-
lac ehich it the degrees of frecdom. (Statistical packages will print these
adjused degrees of freedom.)

Main effects, simple effects, interaction

Ous hypothetical experiment on boys and girls doing mental arithmeic with
loud background noise, quiet noise or 5o noise would yield sx mean as illus-
trated in Table 11, where the numbers represent the number of mentl arith-
metic problems solved and have jus been made up for the purpose o helping us
xplin some of the concepts. One would antcipate using analysi of variance to
analyse o setof data ke this.

When using ANOVA models,terms such as main effecs, interactons and
simple ffects are encountered. It is worth reminding ourselves what these mean
fespesially a3 the concept of interactions seems to baffle many students).

A significant main effct demonstrste that an independent variable influences
the dependent variabl.In this cxampl,  significant main effect of noise would
cstablish tha there was o difference betueen the overall means for the three
noise conditions o loud, quict and none. However, it docs not stablih which of
the independent varsble groups ae significandly different rom one snother Is the
loud condition significantly diffrent from the quiet condition? I it sgnificanly
different from the none condition? Is the quict condition significantly different
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Figure 11 Geaph of e (hygovhercal) doa from Table 11 showingan ncescion

from the none conditon? These questions are answered by testing the diffrences
between the particular pair of means of the groups usinga pior o post hoe tsts,

‘Whetherto use s rior o post o estsdepends on whther th researcher has
previausly stated the hypotheses to test. If you have honestly statd beforchand
the comparizons between individual pairs of means which you ntend to make,
then you are entitld to use an a priorites such as a -tes. 1 you have looked at
the dats and then decided it laoks worth comparing one mean with another, you
e 1 use a pos hor test such o< Newnman-Keuls, Tukey or Scheffe.

‘Aninteraction accurs when the cffec of one independent varisble s affected
by smother independent varisbl. I our exampl, the difference between males
‘i females seems o be greate i the none noise condition than t i in the loud
or quiet conditions. This sould be an interacton: the magnitude of the difer-
ences between levels on one variable (se) s influenced by the level o the other
variabl (nois). (An interacton can be shown graphicaly if you plot the data as
chown in Figure L1 The lines representing the data for the two sexes are not
paralel, and thi suggests an ineraction.) Interacions can be two way,three way
or more complx depending on the number of ndependent variables combining.
o have an effect on the dependent variable. A two-way interaction will contain
two independent arisbles (as in our example), a three-way interacton wil
contain thres, et

Asimpl effect refers ta the effec of one independent varisble a one particu-
lar level of the other independent variable. For cxample, in the data shown in
“Table 1.1, it Iooks ss though there i a diffrence between the sexes under the
one noise condition but not under the loud or quiet conditons. You could test
the differences between the seses for each noise condition separately, and would
then be tsting smple efects. Usually you only lok at simple ffects if you have
found a sgnificant interaction.

An cxample of ANOVA, which is requently used in research,is provided by
Burgess et al.(2003) who measured attachment style betuveen young children
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Figure 1.2 The ANOVA consdeingsh ffcs ofssschmens syl and gende ool
bl in 3 group fchibdren consierd n Bucgess et l. (2005)

and the parents at 14 months of age and classified the children into three
attachment style groupe: insecure-avoidant (A, securely attsched (B] and
insecurc-ambivalent (C). ANOVA was used 1o exarmine theeffectsof attachment
style on oral inhibition messured at 24 months, Burgese et al. also entered
ender into the modslas they though that it may be on additional factor which
couldinfluence oral inhibiton. (Including gender in the analysis demonstrates
useful aspect of ANOVA: it allows a consideration of extrancous varisbles,
nemely uncontrollsle varisbles which may influence the outcome messure.) Sa
this was s 2 3 between-groups ANOVA. The aspects of the data considered by
this ANOVA sre demonstrated in Figure 1.2

“The authors reparted that gender did not have asgnificant main effect on oral
inhibition nor did it interact with attachment styl, <0 the analysis was repested
with gender removed. They reported a trend for a main effect of attachment
roup on oral imhibiton. Since the hyporhesis which they made regarding the
et of attachment style on oral inhibition was one tsiled (. they had pre-
diceed the direction of the relationship), they performed post hoc analysis to
determine whether the directional nature of the relationship o found even
though the main effect was only significant at a rend level. When considering.
thei post hoc analysis, the authors reported the mean difference between the
roups sehich praved to be significantly different from on

oher

‘THE GENERAL LINEAR MODEL

“The general linear model (GLM) i not a discrete statsical techigue tself bur
the satstical theory which underpins many parametric techniques. The genersl
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aim of methods underpinned by the GLM is to determine whether the independent
cariablfs)affect o relate o the dependent variable(s). The GLM is summarized
by the regression equation which i

Yocrbx

In e equation ¢ s the value of Y when X is zero, and b s theslope of the curve
or the smount by which X must be multplicd to giv the value o Y.

The equation basically means that the dependent variable, Y, i relaed to the
independent variable X. The fundamental notion that the dependent variable is
related to the independent variable ol spplies to the ANOVA. When you sre
comparing the means of groups of respondents as in the examle of arithmetic

rlies, you

performance under different evel of background noise mentioned
are actually proposing that the levels of the independent varable affect the
dependent varisble. So analysis of variance can be seen a2 5 form of regression,
and regression, corelation and the comparison of means in the ANOVA share
the same underlying concepts. This is why we can say we have s general model.
Whichever GLM technique is being used, it i sssumed that the reationship
between the independent and dependent varisbls e lincar in nature - and 0 we
have the notion of 3 GL.

When varisbles are entered into one of th staistical techniques which use the
GLM, it i sseumed they have an additve effect, which means they cach con-
ribute to the prediction of the dependent variable. Fo example,when three vari-
ables e placed into s regression model (or equation) the second varisble adds to
the predicive value of the firs,and the third sdds o the predictive vahue of the
second and first combined. (The independent contribution of each variable is
assessed by considering the additional varisnce accounted fo or explsined by the
model when esch variable is added.)

When do you need the GLM?

‘The GLM underles s mumber of commonly used statistical technigues. Those
which are explained in this book are:

Analysis of variance (ANOVA)
Analysi of covariance (ANCOVA)

Multivariate analysis of varisnce (MANOVA)
Multivariate analysis of covarisnce (MANCOVA)
Regression

Multiple regression

Log-lincer analysis

Logistic egression
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Factor anal,
Structoral equation modelling
Survival anslysis

ANOVA examines differences betuseen three or more groups of particpsnts ar
conditions, There s at eoct one independent variable, which consists of different
categories, and  numerial (continuous) dependent variable. (In the example
used carlier, mentalarithmetic scores formed the dependent variabl. Sex of par-
ticpant and level of backgeound noise formed the independent varisblee) The
ANOVA determines whether the smount of varisnce between the groups i grter
thar the variance within the groups; that is,whether the effct of the indepen-
dent varisble i greater than the effect of individual diffrences. In an indepen-
dent measures (between-subjects) design, different paricipants take partin cach
condition. ANOVA can be used in repested measures (within-subjects) studies
where the same subjects take part i sl of the experimentl conditions and when
a study has used a mised design, ehere some of the independent varisbls are
within subjecs and some are between subjecs

ANCOVA i an extension of ANOVA i which a covarist,anothes relevant vari-
able for which data s availabl, is clased 2z an aditonal indspendent varisble.
ANCOVA allows the reseascher to ‘control for the efec of the additonal vari-
able() which may have had an impact on the outcome. For exampl, Bautmans
etal. (2004) used an ANCOVA to examine whethe the age of the partcpants was
 porentil coariate for the reltionship they had found between the healch cate-
oy of cderly respandents and distance walke in 6 mimates. Even fte corrcting
for age wsing the ANCOVA, the distance walked in 6 mintes decreased with healh
category <0 the authors concluded that the existence of pathology rather than
incressing age was responsible for decessing the execise capacity of the ldsrly.

'MANOVA snd MANCOVA are extensions of ANOVA and ANCOVA which
are used when there are multple continuous dependent variables in the analysis.

Reggession involves correlations, which are concerned with the relaionship
betuceen pair of variabls. The type of data determines the correlation which it i
appropriate o use. Pearson's product moment cocfficint i » parametric correla-

tion which expresses the relationship between two numerical ontinous vari-
ables. If there is ot least one dichotomous variabl, the point biserial is
approprate. One would use this, for esample,to correlae height with sex. When
borh variable are dichotomous, such as correlaing sex with whether peaple are
o are nat smokers, the phi-correlation is reguired

In multiple regression there is 3 single dependent varible predicted from o
number of independent varisbles. Two-group logisic egression is an extension
of multple regression swhich is used when the dependens varible i dichoto-
mous. Polychotomous logistic regression is necessary if the dependent varisble
consists f more than two categoris,
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Log:lincar analyss is used to analyse contingency tables or cross-tabulations
where more than two variabes are included. (If there are just two varisble, the
chi-square tet is often appropriste.)

Logisicregression snalysi predicts the values of one dependent serisble from
one or mare independent (prcicting) varisbls when the dependent variable is
dichotomous (meaning that it divides the respondents or cases into two exclusive
groups such as having s perticular llnes or not having if. It is used to denify
which predictor varisbls do predicethe outcome.

Factor analysis and princial components anslysis sre 3 group of techniques
which seck t reduce  large number of verisbles (e, questionnaire items o the
disgnostic critera for a peychistrc llnes) 0 8 few factors or components

Structural equation modellng includes a number of statistical technigues and
e refered to by a variety of names: cousal modelling, causal analysi,simultane-
ous equation modelling, analysi of covariance structures. It i the most flexible
satstical approsch using the GLM and i able to deal with multiple independent
and dependent variable of categorical or continuous data. Two analytic techniges
which use structural equation modelling, path analysis and confirmatory factor
analysis,are considered discrte types of this analyss.

Survival analyss is also known (rscher perversely) as
cin, it may be used to examine how long it takes before cancer patients go nto.
remission when receving one type of treatment versus amothe. In industry it is
ssed to cxamine the length of time taken for a component to fail under partcu-
ar conditons. It can tske into sccount many independent varisbles such o¢
demogaphics, environmental conditions, treament received, et depending on
the rescarch question

lure anslysi. In med-

SUMMARY

In an experiment, paricpants are randomly allocated to different
conditions which form the diferent lvels of the independent variabl. In
ianalstudy, prticipants are not randomly sllocsted to diferent
ns;data on the independent and dependent varisbls s colleced
forthe respondents and the relationships between them are investigated.

There are two types of dsa: frequency and numerical. Frequency data
involues counting howe many people fal into s particular category.
Numerical data involves messuring how well pople performed by
sesigning a numerical valu to ther performance.

ANOVAS examine the diffrences between group means whe there are
mare than two groups, are sbl to consider the effec of mre than one
independent variable and can reveal whether the effec of ane of therm s
influcnced by the other
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The general linear model (GLM) is a statistical theory which underpins
many parametric analytic techniques. The general sim of methods
nderpinned by the GLM i to determine whether the independent
variables) affec or relae to the dependent variable(s).

GLOSSARY

Dependent variable  the autput messure of performance.

Frequency data 3 count o the number of cases or pecple in each category.
‘Homogeneiy of sariance when the smount of variance is the same in the
different sets of scores of the particpants,

Independent variable those aspects of the respondents, which may be the
experimentsl condition they undergo, which sre anticated will affect the
dependent variable (output measure).

Interaction whe the effect of one independent varisble i influenced by
another independent variable.

Levels of an independent varisble  the number of categories into which an
independent varisble hos been divided

Numericaldata abtsined by mesuring howw el people performed by sesgaing
3 numerical value o thei performancs.
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Basic Features of Statistical Analysis
and the General Linear Model

INTRODUCTION

“The sim of this book is to describe some of the statistical techniques schich are
becoming increasingly commn, particularly inthe socil ciences. The spread of
sophisticated computer packages and the machinery on which to run them has
meant that prosedures which were previously only svailable o experienced
researchers with aceess to expensive machines and research students can now be
carvid aut in 8 v seconds by almost every undergraduate. The tendency of the
packages to produce items of output which are unfamilia to most users s lead
to modifications in the content of quantittive data anlysis courses, bt this has
ot alays meant thatstudents g an understanding of wht the snalytic pro-
codures do, when they should be used and what the resuls provided signify. Our
aim has been to provide the basis for gaining such an understanding, There are
many texts and Intermet resources covering the material which we do, but our
experience is that many of them e to0 advanced,starting at oo high a evel and
including topic such o matrix sgebra sehich lesve many students baffled. What
we have attempted to provideis an sssistant which will help you make the ran-
sition from the simpler statitics (t-tests, analysis of variance) to more complex
procedures; we sre hoping swe have translated the more technical texts into o
form which matches your understanding. Each chapte provides an outline of the
statistcl technique, the type of question it answers, what the resuls prodced
tell you and gives exampls from published ltersture of how the technique has
been used

In recent years there has been 8 considerable growth in the use of qualitative
esearch method in many areasof social science ncluding peychology and nurs-
ing and this has been sccompanied by s decline n the previous preponderance of
quanitative rescarch. One feature of the qualiative research movement has
been an emphasis upon the sthics issues involved in carrying out research
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2+ UNDERSTANDING AND USING ADVANCED STATISTICS.

inwolving pecple, the need to recognise that the participants own ther dsta and
that they should have an input — even pechaps 8 vetn — over the interpretations
made of it and the uses to which it i pur. This concern has rejuvensted the
ethical debate within quantitative escarch and brough back an awerencss of the
need to ensure that partcipants gve informed consent 1o taking par,that they
are notstudid unknawingly or covertl, tht they have the right o confiden-
tialicy and anamymity: Thisis ot the place to discuss the thics of research, but
it iz anly proper that we should urge thos considering quantittive rescarch to
be aware of the ethica guidelines applicable to ther discipline and ensure they
abide by them, Gathering the data which lends itel to quanit

ot s vahue-free activity even if number crunching’ may i iself sppear o be o,

we analyss i

Beore describing the mare complex satisical techniques, we begin by recapi-
ulaing the basics of staisicl analyss eminding you of the anslysis of variance
and outlining the principle of the general lincar model (GLM) which underpins
many of the techniques described ater.

BASIC FEATURES OF STATISTICAL ANALYSIS
Experiments or correlational research designs

I an experiment using  between-subjects design, the paricpants are andormly
allocated todifferen levels of the independent variable and if sl oher varisbles
are controlled by

is assumed that any differences n the dependent varisble measures are due to
the independent variable. (This is a gross simplification of how to design an
experiment!) But in many of even most ieds o investigation it i impossible o
carty ot a true experiment because it is impossible to conerl the conditions,

ing hept constant or by the design of the experiment then it

iampossible o llocate particpants randomly to conditons or ethially unaccept.
able todo so. One s then forced to consideran alternative type of investigation
such s & pacudo-experiment or s correlationsl study in which data on indepen-
dent and dependent variabls s collcted (often simultancouly) and the rela-
tionships between them are investigoted

Experiments typiclly involve analysing the data for differences: did group A
score differently from group B on the dependent varisble? Correlational studies
usully involue analysing the data for correlations o aszocitions: did those who
scored highly on messure X slso obtsin high scores on measure Y7

Independent and dependent variables

Independent va
anicipate will ffect the output measure, the dependent variable. An independent

bles e those aspects of the respondents or cases which you
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varisble is often the ‘grouping variable which divides people, respondents or
case into scparate groups. This division may be based on experimental conditions
or it may be some characteristi of the partiipants such as ther age group, cx,
cconomic status, When the independent varisble involves different participants
in cach group, it i referrd to s 8 between-subjects varisble. Alternatively, the
independens variable may be & number of experimental conditions where ll
partiipants take part in every condition. If this i the coce, the variable is o
within-subjects factor and a repeated messures design is being used. A mixed
design is where there are a last two independent variables and one is between
subjects while one i within subjects.

“The dependent variable is usually 2 coninuous varisbl such s 8 measure of
performance on an experimental task or  score on a questionnire which the
researcher proposes is afected by the independent variables. In zome types of
rescarch, the dependent variable is categorical, which means parcicipants are
divided o categorics such ss surviving and not surviving or respsing and not
relapeing, The data s then frequencies: how many people all into cach cregory?
The rescarch may be concerned with finding which foctors predict category
memmbership, and then Iogitic regression may be used to analyse the data

It important not to canfuse varisbles with their levls. An independent vari-
able is the experimental manipolation or the dimension upon which the partici-
pants are categorised. For example, suppose we were teting the abilty of boys
‘and gl todo mental aithmetic shen they were distracted by background noise
‘which could be loud, quict or not present at all. We would design the experiment
50 that our partcipants carried out a mental arithimetic task with loud noise, with
quict noise o without noise. There would be two independent verisbles: prtic-
pant sex (male o female) and noise condition (Ioud, quiet, absent). The firs
independent variable has te level (male or female) and the second independent
arisble has three level.So this would be a2 3 (or 3% 2 since it docs not mateer
i which order the numbers here are presented) experiment. The expression 2% 3
contains two digits, showing there are two independent arisbles. The sctual
digits, 2 and 3, indicae that one o the variables has two levels and the other has
three levels.

Types of data

There ae essentially 1o types of daa,Frequency and numerica, depending on
the type of messurement scal used. One type of measurement scle s categor-
ical or nominal, where cases are allocated to categories such as ‘male’ and
“female’ o ‘ecovering afer 2 months’ recovering after 6 months', ‘ot ecou-
ering’. This yields frequency data which i obtained if you count the number of
casesor people in cach category. The other type of measurement sale i quanti-
tative or numerical: here you are measuring nat how many people or cozes fll
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into a particular category, but how much or how well they performed by assigning
anumerical value to theirperformance, for example by recording the time taken
todo. task o the number of questions answered.

In s nominal scle the number i simply functioning s a label and the size of
the number does not relect the magnitude or order of the items. Telephone
numbers are an exsmple of  nominal sl since the size of the number does not
eflectanyshing about the siz or order of the peaple who have those numbers.
Siamilasly,in the example of performance under conditons of background noise
desribed earlier,you might designate the loud noise condition as conditon 1, the
quict noise conditon a2 condition 2 and the no-noise conditon sz conditon 3
Here the numbers are acing just ss converent labels fo each condition or cat-
egory and their size means nothing, When you have counted the number of
casesin ach category, you have requency data which can be analysed using pro-
codures such as chi-square, log-linear analysis or ogisic regression.

Numerical data can be measured on a rati,interval or ordinal scle. Ina ratio
scale there is & true zero and s number which s twiceaslarge s snother reflects
the factthat the atribute being messured i wice as grea. Ratio scales are rare
i the social science unless one i using s messure of ome physicl eature such
a5 heigh or time: someone wha is 2 metres tall i tuice a tll as someone who
is 1 metre tall; someone who took 30 seconds o do 3 tak taok twice as long a2
someone who did it in 15 seconds, In an interval scal, the difference between
0 valses st one point on the scale i the same s the difference between two
quidistant values at another point o the scae:the usual example cited is the
Eshrenheit scll where the difference becween 15 snd 20 degrees is the same as
the difference between 5 and 10 degrees. There are few cases of nterval cales in
the socal siences (e, 1Q 1 ot an interval scale becaus the difference betucen
an 10 of 100 snd 105 i not the same as the difference between 70 and 75),
although many examples of data being treated as though it were an intervel
scale.Inan ordinalor rank scal,the size of the numbers reflcts the order of the

item s in 8 race here first came before sccond and second before third. But
this information tels you nothing about the intervals betsween the scale points:
first may have been just i front of second with third traling ar behind. In prac-
tice,the disinetion between ratio and intervalsclesis widely ignored but ordic
nal o rank data i treated diffrently by using non-parametric procedures.

Non-parametric and parametric analyses

There sre two groups of satistical techniques: parsmetrc and non-parametric
Non-parametric techniques are considered distribution free, meanin that they
do not invalve any sssumptions sbout the distribution of the papulation from
which the sample of dependent variable messures i drawn. (It does not, for
xampl, have to be normally dstrbuted) Non-parametric techniques are used
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with frequency dats and when the dependent variable has been messured on an
ordinal (rank) scal. 1 the dependent variable has been measured on an interval
ccle bt docs ot fulfl certsin ossumptions described below, it can be trans-
formed into ordinal data and the non-parsmetric techniques can then be applied.

“The parsmetric tests e generally considered more powerful, offer grester
flesiblity in anslysis and sddress o grester number of rescarch questions. The
mjority of the staistical techniques outlined in this book require that the
dependent varisble meosures mest the requirements for being paremetric data,
which are:

1 the dependent variable i measured on either an interval or @ rato scle

2 cores on the dependent variable spproximate toa norma diseibution or are
drawn from s population shere the varisble can be assumed to be normally
distributed;

3 scores on the dependent variable show homogenity of variance betseen
sroups of partcipants,

Regarding point 1, stricly speaking paremetric analysic should only be per-
formed an continuous interval or rtio data but in practce many types of data
are taken to be interval even if one could reasonably argue that they are not. An
example s where s Likert scal has been used to measure atiudes.This i where
participants s presented with o statement such as ‘The death pes

scceptable’ and indica their response by indicating howw far they agree or dis-
e with it usng o five-or even-point scale with ane end ofthe seale indicating
“strongly sgrec’, and the other indicsing ‘strongly disagree”. I the data i ordinal
(ranks) then non-parametric analysis i needed.

Concerning point 2, parametric statisical analysis s based on the assumption
that the scores come from a normal distribution, meaning that if one could
obtain the scores from the population then they would be normally distributed
Of course ane does ot know the distribution in the population, oy the disti-
buion in the sample one has, 5o ¢ i necessary t0 check whether these approxi-
mate t0 3 normal disribution. This can be done by plotting the discrburion and
examining it t s i it = more or less normal. The shape of the distibution can
be evalusted in terms of shewness snd kurtosi. Skewness reflecs the positon-
ing ofthe peak of the curve i it in the centre?) and kurtoss refes to the height
of the ails of the curve (s the curve too flat?). Statistcal packages may give
indice of shew and kurtosis;the values should be close to zero

On poin 3, homogeneity of variance i the sssumption that the amount of
arisnce i the same in the different sets o scores of the participants. It an be
assessed using Levene's test for hamogeneity of veriance which gives o 1 values
iftissignificans, the grovaps dife i thei variance,that i thee s heterogenity
of variance. If you axc comparing groups of equl sze, heterogeneity of veriance
is mot importan, but fo groups of uncqual sizes it needs to be dealt with. This
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<can be done in a number of ways including transforming the scores, using a
more stringent sgnificance level (perhaps 0.01 racher than 0.05), applying a
non-parametric procedure.

Statistical significance

Probabiley testing i at the centre of statisticl analysis and i essentially con-
cemnee with deciding how probable it s that the resuls obssrved could have been
due to chance or error variation in the scores. To make the explanstion simpler,
we shal take the cas ofteting to see whether there i a diffrence betuween two
roups of respondents. Suppose we have measured the smount of concern people
havewith ther body image using a questionnaire in which s high score indicates
a high level of concern, and done this for @ roup of women and for 3 group of
men. The null hypothesis stats that there s no difference between the scores of
the two groups. The research (or lternative) hypothesi stats that there is o
difference between the scores of the two groups. The rescarch hypohesis may
predice the dircction of the outcome (e, women will have & higher score than
the men] in which case it i a directional or one-taled hypothesis. O the research
hypothesis may just predict »difference between the two groups, without spec-
ifying which directon that diffrence wil take (e, women and men il score
differently from one another) in which case it i referred to 2 8 non-directionsl
or two-taled hypothesis.

In our example, we want to know how likely it is that the difference in the
mean scores of the women and men was the result of chance varition in the
scores. You will probably recogise this a a situation in which you swould turn
o the t-test, and may remember that in the t-test you calula
betuween the means of the two groups and express it 3 & rato of the standard
error ofthe diference which is calculated from the variance n the score. I this
tio e greater than a certain amount, which you can find from the table for f,
you con conclude that the diffrence between the means i unlikely to have
arisen from the chance variability in the data and that there is o sgnificant’
difference between the means.

It i conentionsl to accept that “unlikely” means having a 5% (0.05) proba-
bilty o les. o if the probbility ofthe diffrence srising by chance iz 0.05 or
less, you conclude it did no arise by chance. There are occasions when one uses
 more strngent probsbility o significance level and only sccepts the diffrence
s significant if the probabilty of it rising by chance i 1% (0.01) orlss. Much
more rarely,one may accept o less sringent probabilcy level such as 10% (0.1)

In considering the level of significance which you are going to use, there are
e types of ervors which need to be borne in mind. A Type | erroroccurs when a
rescarcher aceepts the researeh hyporhess and incorrecely rejects the null hypoth-
csis A Type Il error occurs when the null hypothesis i sccepted and the research

the diffrence





