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ity of the two groups by presenting the controls with a placebo, that is,
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In a true experiment,. the 1V, un]ik(la gender, h]ncnq group
property of the partiCJpagts: the participants are assigned
control group. In other c]rcumsltapces, however, the
person’s gender, nationality, religion or age group ! .
cxample, do men and women have different views about violence on television? This
hypothesis might be tested by interviewing some men and women and comparing their views.
Here, the TV is gender, and the DV is attitude to violence.
participants have not been assigned o the categories making up the
property of the participant. Such quasi-experiments often
interpret unequivocally. The problem with quasi-experimental research is that the TV, being a
participant (or subject) variable. i itself a whole package of other
may not be under the control of the investigator. Some of the difficulties with quasi-
experimental research can be overcome by following an appropriate sampling strategy. For
example, in the gender-and-attitudes experiment, the men and women would be sampled from
comparable social strata and similar age bands. But there is always the possibility that the

effects of gender will be entangled, or confounded, with those of uncont
variables,

» Or nationality, is not an intrinsic
at random to the experimental or the
hypothesis might be that some aspect of a
affects, say, their views on some issue. For

In this case, however, the
IV: the latter is an intrinsic
produce results that are difficult to

variables, some of which

rolled, extraneous

Experimental versus correlational research

In true experiments and quasi-experiments, the [V
directly, as in the former. or by samplin
variables are recorded as they occur in the

is manipulated by the researcher, either
g, as in the latter. [In correlational research. the
participants. For example, it might be hypothesised
that cheerfulness (the DV) is promoted by exercise (the IV). One might test this hypothesis by
asking participants in a study to rate themselves on cheerfulness and 1o say how often they take
exercise. Here the problems of interpretation are multiplied. It may well turn out that the
cheeriest people take the most exercise, the glummest take the least and moderately cheerful
people lie somewhere in between. But both the putative 1V (amount of exercise) and the

putative DV (cheerfulness) may arise from a myriad other possible variables, including
socioeconomic status, personality and physical Lype,

Implications for data analysis

Typically, the data from experiments and quasi-experiments are processed using statistical
methods that are rather different from those used with data from correlational research. In the
next section, we offer the reader some advice (together with some cautions and ¢

aveats) on
choosing statistical tests,
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Considerations in choosing a statistical test

The choice of a stalistical test d?pends upon:
1. The research question
2. The plan, or design, of the r.esearch
3. The type of data that you wish to analyse
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of y i

exa?n sinallel number of hypothetical latent variables or factors? For
¢ ple, can' performance in a variety of intellectual pursu.its b
ccounted for in terms of general intelligence? (Section 1 8) )

Research
Situation

Question 1. i i
n 1 Question 2, Question 3. Question 4. Question 5

Difference
significant?

Variables
associated?

Prediction
of scores or
categories?

Population
parameters
from a
sample?

Latent
variables?

Sections 1.3
& 1.4

Section 1.5

Section 1.6 Section 1.7 Section 1.8

Figure 1. Five types of research situation

1.3 SIGNIFICANCE OF DIFFERENCES
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Independent versus related samples

appropriate statistical test is the question of whether
ependent samples or related samples of scores

[nde‘pel’ldent Sample.s
s ] |pi?UN[ we select et p {1 p I’ <l 5 &
b C, ey e a (0]
} J(}() articipants 1[)' dn exper Hnent ”".I “l“dl)“ﬂ fassIgn l|'1“ 0l !“L t
« = i m

an ex [JL!IIIIE]II ll con l Lion “d L st to on )} ( i M

! ( < C :— n @ hL I'es L d contre condg lllﬂli. \‘\' |lh t]“q pI“CLdUIe t 1€
Lk g l 1O g ptll 1CTLAr glOlI]‘l hr_’l?u noe I-’ o | Upn“ the : lt)llp to W"L! [ ll

1551 nment )' one person [ 1 L CL 1 { cC I € g I N another 18

Choosing a statistical test

The two independent samples of participants thus selected will produce two

assigned.
hether you have independent

independent samples of scores. A useful criterion for deciding w
samples of data is that there must be no basis for pairing the scores in one sample with
those in the other. An experiment in which independent samples of participants are tested
under different conditions is known as a between subjects experiment.

Related samples

Suppose that each of fifty participants shoots ten times at a triangular target and ten times at a
square target of the same area. For each target, each participant will have a score ranging from
0 (ten misses) to 10 (ten hits). As in the previous example, there will be two samples of 50
scores. This time, however, each score in either sample can be paired with the samc
participant’s score with the other target. We have two related samples of scores, or a set of
paired data. The scores in two related samples are likely to be substantially correlated,
because the better shots will tend to have higher scores with either target than will the poorer
shots. An experiment like this, in which each participant is tested under both (or all)
conditions, is known as a within subjects experiment. Within subjects experiments are also
said to have repeated measures on the IV (the shape of the target).

There are other ways of obtaining paired data. Suppose that in the current example, the
participants were pairs of identical or fraternal twins: each participant shoots at only one target
and their twin shoots at the other. This experiment will also resuit in two related samples of
scores, because, as in the repeated measures experiment, there is a basis for pairing the data.
Different statistical tests are appropriate for use with independent and related samples of data.

1.3.2 Flow chart for selecting a suitable test for differences between
averages

Figure 2 outlines some of the considerations leading to a choice of a statistical test of the
significance of differences between means (or frequencies, if one has nominal data). If there
are more than two conditions or groups, an analysis of variance (ANOVA) may be applicable
(see Section 1.4). In this section, we shall consider only the comparison between two groups
or conditions, such as male versus female, or experimental group versus control group.

To use the chart, begin at the START box and consider how many conditions there are in the
experiment. If there are two conditions, proceed down the chart to the next stage. The next
questions are whether the samples are independent or related and whether the data are
measurements, as opposed to nominal assignments. The appropriate test is then shown in the
bottom box. If there are more than two conditions, an ANOVA should be considered and the
flow chart in Figure 3 (see page 13) can be used to ascertain which ANOVA test might be

appropriate.
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1.3.4
The / test is an example of a parametric test: that is, it is assumed that the data are samples
from & pupuiution with a specified (in this case normal) distribution. Other tests, known as
uonparmnclric tests, do not make specific assumptions about population distributions and are
therefore also referred to as distribution-free tests.

Two conditions: Nonparametric tests

There are circumstances in which a 7 test can give misleading results. This is especially likely
to occur when the data set is small and there are some highly deviant scores, or outliers, which
can inflate the values of the denominators of the ¢ statistics.

Figure 9 identifies the nonparametric equivalents of the independent and
related samples ¢ tests. A nonparametric alternative to the independent-
samples 1 test is the Mann-Whitney U test. Two nonparametric equivalents
of the related-samples 7 test are the Wilcoxon test and the Sign test.

There has been much controversy about the use of nonparametric tests instead

of ¢ tests with some kinds of data. While some authors (e.g. Siegel & Castellan, 1988) strongly
recommend the use of nonparametric tests, others, such as Howell (2002) emphasise the
robustness of the parametric ¢ tests to violations of their assumptions and the loss of power
incurred by the use of the equivalent nonparametric tests. We suggest that, provided the data
show no obvious contraindications, such as the presence of outliers, marked skewness or great
disparity of variances (especially if the last is coupled with a large difference in sample size), a
 test should generally be used. There are also circumstances in which the removal of outliers
from the data set followed by another # test is a defensible procedure (e.g. very long reaction
times that could be due to participants not being ready). Otherwise, a nonparametric
equivalent should be considered. Data in the form of ratings are a grey area, and there has
been considerable debate over whether they should be analysed with parametric or
nonparametric tests. If, however, the data are measurements at the ordinal level in the first

place, as with sets of ranks, or nominal data, a nonparametric test is the only possibility.

In a planned experiment, the data usually take the form of measurements on an
independent scale with units. Occasionally, however, one might have a
situation in which each participant attempts a task and either a pass or a fail is
recorded. If so, a two-group experiment will yield two independent samples of
nominal data. Here the research question is still one of the significance of “mmmm
differences, albeit of differences between frequencies, rather than differences between means.
With independent samples, a chi-square test of association will answer the question of
whether the success rates in the two groups are significantly different.

Two correlated samples of dichotomous nominal data: The McNemar test

Suppose that, before they hear a debate on an issue, ten people are asked
whether they are for or against the proposal. Afterwards, the same people are
asked the same question again. This is a within subjects experiment, in
which each participant is observed under two conditions: Before (an event) and

After.

On each occasion of testing, a person’s response is coded either as 0 (Against) or 1 (For).
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Since the same person produces two responses, we have a paired nominal data set, for which
the McNemar fest is appropriate if one wishes to claim that the debate has resulted in a

change of opinion.

1.4 ANALYSIS OF VARIANCE EXPERIMENTS

The analysis of variance (ANOVA) is actually a whole set of techniques, each of which is
based upon a model of how the data were generated and culminates in tests thal are appropriate
for that particular model only. It is therefore important to identify ANOVA experiments
correctly, in order to choose the right tests. In this section, only some of the most common
ANOVA experiments will be described. There are many others, which can be found in
standard statistics textbooks such as Winer, Brown & Michels (1991).

In the ANOVA, a factor is a set of related conditions or categories. The conditions or
categories making up a factor are known as its levels, even though, as in the qualitative factors
of gender or blood group, there is no sense in which one category can be said to be ‘higher’ or
‘lower” than the other. The terms factor and level are the equivalents, in the context of
ANOVA, of the terms independent variable and value, respectively. A factor can be either a
true independent variable or a participant characteristic, such as gender, that we ‘manipulate’
statistically, by sampling people from each of some set of categories. In ANOVA, participant
variables are treated in exactly the same way as IVs that are directly manipulated by the
experimenter,

1.4.1 Between subjects and within subjects factors

Some factors are between subjects: that is, the participant is tested under only one condition
(i.e. at one level) of the factor. Gender is an obvious example. Other factors are within
subjects, that is, the participant is tested under all the different conditions (levels) making up
the factor. An experiment with a within subjects factor is also said to have repeated measures
on that factor.

Returning to the simplest two-group drug experiment, in which the performance of an
experimental (drug) group is compared with that of a control (placebo) group, we have one
treatment lactor (Drug Condition), comprising two conditions or levels: Drug Present and
Drug Absent. Since different samples of participants perform under the different conditions,
this is a between subjects experiment. Should the investigator wish to study the effectiveness
of more than one drug, the performance of two or more groups of participants on different
drugs could be compared with that of the controls. In that case, there would still be one
treatment factor, but with three or more levels (see Table 1a).

Now suppose that another investigator wishes to test the hypothesis that words presented in the
right visual hemifield are recognised more quickly than those presented in the left hemifield.
Fifty participants are each presented with twenty words in the left and right hemifields and
their median response times are recorded. In this experiment (as in the drug experiment), there
is one treatment factor (in this example, Hemifield of Presentation) comprising two levels
(conditions), Left Field and Right Field. But this time, the same participants perform under
both conditions. This experiment is said to be of within subjects design, or to have repeated
measures on the Hemifield factor,
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; Square, Triangle and Diamond (Table 1b).

or mor
conditions.

satal
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e

Shape of Target would have four levels: Cirele,

- . - ; s one
Table 1. Between subjects and within subjects experiments in which there 1s
. treatment factor with four levels

() A one-factor between subjects experiment

Levels of the Drug factor :
Control | Drug A Drug B Dl;‘“g 4
Group 2 Group 3 Group

Participants | Group 1 l
(b) A one-factor within subjects experiment

Levels of the Shape factor :
Circle | Square Triangle | Diamond
‘ The same participants perform with all four shapes

Participants

Factorial designs: Between subjects and within subjects experiments

1.4.2 "
ici y ht also
" diff | drugs fres ticipants, a researcher mig
. . fferent drugs upon fresh par . el ol
ddition to the effects of di : i cht G o2
In'?l investigate their effects upon those who have voluntarily gone w o Sf;mws
et . y, an experiment is designed as shown in Table 2, w

g e g A, Drug B). An experimental design with two or

two factors: State (Fresh, Tired); Drug (,D Fug
more factors is known as a factorial design.

Table 2. A two-factor factorial between subjects cxpcrim?nl
Levels of the Drug factor

U Drug B

Levels of the State factor Drug A > g .
Fresh Group 1 roup

Tired Group 3 Group 4

Between subjects factorial experiments

" sarticipants perform in the four

Notice that, in Table 2, different samples of participants perform 11{1. o

at, ¢ & . s each participant is teste

combinations of the two treatment factors. Sin%e,. each par ucEp l:"l e
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measures. Factorial experiments are discussed in Chapte
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Within subjects factorial experiments

Table 3 shows another kind of factorial experiment.

Table 3. A two-factor factorial within subjects ex periment

Levels of the Shape factor: Triangle Square

Levels of the Colour factor: Blue

Green Blue Green

Participants The same participants perform under all four

combinations of shape and colour

As before, there are two factors, which in this case are:
1. Shape of Target (Triangle, Square);
2. Colour of Target (Blue, Green).

This time, however, every participant is tested at both levels of each factor.
This type of factorial design is known as a within subjects factorial
experiment.  Alternatively, the experiment in Table 3 can be said to have
repeated measures on both factors.
discussed in Chapter 9.

Within subjects experiments are

143 Mixed or split-plot factorial experiments

Suppose that, in addition to the effects of target colour, the experimenter wishes

hypothesis that men and women differ in the colour of target with whi
accurate (Table 4).

to test the
ch they are more

Table 4. A two-factor mixed factorial experiment with one between subjects factor
(Gender) and one within subjects factor (Colour of Target)

Levels of the Colour of Target factor

Levels of the Gender factor Red Blue

Male Each participant is tested with red and blue targets

Female Each participant is tested with red and blue targets

Once again, there are two factors:
1. Gender (Male, Female);
2. Colour of Target (Red, Blue).

The first factor is between subjects: but the second factor is within subjects,
because each participant shoots at both the red and the blue target, Factorial
experiments with a mixture of between subjects and within subjects

known as mixed (or split-plot) factorial experiments. These are discussed in
Chapter 10.

factors are

Choosing a statistical test

1.4.4 Flow chart for ANOVA

i i i it- factorial ANOVA are based
- jects, wi subjects and mixed (or split-plot) ‘A :

he between subjects, within sub; Higed € e e
T 11;1 ;;illfc]-em models of the data, and require different Fests. The pr?sence}f (?;zt:/d o Jthan
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{m] !epn.jlcnl} samples of data, which has important implications for the cpmpl;\ aN o ofthe
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llli_'-l:‘v Figure 3 offers some auidelines for the choice of the appropriate

ralios. ; 3 580 gul
nonparametric equivalent (if there is one).

START

More than one
How many
factors?

Between Within All between All ?vithin
subjects subjects subjects subjects

Factors?

One-way Within subjects Between Wl?hlil
ANOVA (repeated subjects subJec. sl
measures) factorial fact((;l;;
Nonparametric ANOVA ANOVA AN
Kruskal-Wallis . Some hetween,
test Nonparametric S ihin
Jonckheere Friedman test objects
test

2 late h 4

in: t: nominal dat Mixed (split-plot)
Chi-square test Cochran's Q factorial ANOVA
for association test

Figure 3. Flow chart for ANOVA experiments

To use the chart (Figure 3), begin at the START box and consider how many fg;torfs ::::I:h zll:te
inothe experiment. If there are two or more factors, work down the right-hand side o .

If there is just one factor, work down the left-hand side.

1.4.5 Analysing the results of one-factor experiments

Figure 3 outlines the decisions leading fo lhc.'cm'rcct chmcle of :)\NS:’}E\\,\;:;:!(;\I
for an experiment with one factor. The un.e-iactor.l}etwct\n. ‘;;1 31.. I\C.hr.l o
is often called the one-way ANOVA and is more llully de.«u\l )e% ‘u‘ l.]';];ts h‘.!
The one-factor within subjects ANOVA (s‘-‘umenm'cs cz}llt.gi ?u, s..ug jects by
treatments or randomised blocks ANOVA) is described in Chapter 2.
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The case of two conditions only: Equivalence of the t tests and ANOVA

The reader will have noticed that at the beginning of the section on ANOVA, the one-factor
ANOVA was illustrated with the same simple two-condition experiments that were used to
illustrate the use of the ¢ tests. A natural question, therefore, is whether, in this special case,
the independent and related 7 tests would lead to the same decision about the null hypothesis as
would the one-way and within subjects ANOVA, respectively. In fact, they do.

An alternative to the one-way ANOVA: The Kruskal-Wallis k-sample test

So far, we have been considering the use of nonparametric alternatives to
tests. For data sets comprising more than two sets of measurcments, however,
there are also equivalent nonparametric tests. The Kruskal-Wallis k-sample
test is equivalent to the one-way ANOVA: it is appropriate for independent
samples of scores. The Kruskal-Wallis test is described in Chapter 7.

Independent samples of dichotomous nominal data

Suppose that a sample of participants is divided randomly into three equally- i
. . See E
sized groups: two experimental groups (Group A and Group B) and a Control Chap. |

group. Each participant is tested with a criterion problem, a / being recorded if 1 o

they pass, and a 0 if they fail. With the resulting nominal data set, a chi-square

test for association can be used to test the null hypothesis that, in the —Fr i

population, there is no tendency for the problem to be solved more often in some conditions
than in others (see Chapter 11).

Correlated ordinal data: The Friedman test

Suppose that twenty people rank ten paintings in order of preference, each
person assigning the ranks of 1 and 10 to their most preferred and least
preferred painting, respectively. This operation will yield ten related samples
of data, each sample comprising the ranks assigned to one painting by the
twenty raters. Is there a tendency for some paintings to receive higher ranks

than others? An appropriate test for use with this type of data is the Friedman test, which is
considered more fully in Chapter 9.

Three or more sets of correlated dichotomous nominal data: Cochran’s Q test

Suppose that each person in an experiment is tested under all conditions, and
that a 7 is recorded for a successful performance under a given condition and a
0 otherwise. This is a one-factor, within subjects experiment, which has Chap.
produced related samples of nominal data. Figure 3 suggests that an
appropriate test of the null hypothesis of no difference in performance among
the conditions is Cochran’s Q test, which is described in Chapter 9.

15
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1.4.6 Analysing the results of factorial experiments

Figure 3 shows that for each of the three types of factoria_l experiment des'cribed See  |H
here, there is a special ANOVA, which is appropriate for .that kind of | Chaps. |
experiment only. The between subjects, within subjects and mixed ANOVA 8, 190& |!
are described in Chapters 8, 9 and 10, respectively. I

1.5 MEASURING STRENGTH OF ASSOCIATION
BETWEEN VARIABLES

Do tall fathers tend to have tall sons, short fathers to have short sons and .fafhers of ms:d1.um
height to have sons of medium height? This question is one of a statistical assgcmtlon
between the two variables Father’s Height and Son’s Height. To answer the question, you
would need a data set comprising the heights of a substantial sample of fathers and those of

their (first) sons.
1.5.1 Flow chart for selecting a suitable test for association

Figure 4 outlines the questions one needs to answer in order to make a decision about an
appropriate measure of association.

START

Spearman’s rank

measure- inal >
ordina correlation

Pearson ment

correlation '
coefficient Kendall's tau

statistics

More than two

A

4

Chi-square test

iati i Loglinear
for association in g

analysis of

two-way multi-way
contingency .
tables contingency
tables

Phi coefficient
Cramér's V

Figure 4. Flow chart showing measures of association




16

______—————_________—————.__________
Begin at the START box and consider whe
ordinal. If the two variables are in the form of measurements, 3 Pearson
correlation should pe considered. However, as we shall see ip Chapter 11,
there are circumstances i which the Pearson correlation can pe highly

misleading. It js essential to examine the data first before Proceeding to
obtain the correlation coefficient.

ther the data are measurements o

Measuring association in ordinal datq

Now Suppose we ask two Jjudges to rank lwenty paintings in order of
preference. We shall have a dagy set consisting of twenty pairs of ranks. Do the
Judges agree? Again, our question is one of 4 Statistical association, However,
since the data are ordinal, a rank correlation is ap appropri
There are two kinds of rank correlation:
the Kendall tay Statistics. Both

ate statistic (o use,
l. Spearman’s rank correlation; 2.
are considered more fully in Chapter 11,

1.5.2 Measuring association jn nNominal data: Contingency tables

Suppose that Fred claims (o

POSSess  telepathic powers, Accorc[ingfy. in
designed to test s cl

aim, an experimenter tosseg a coin 100 times,
sereen, states, op each Occasion, whether (he
presents the results of the experiment in w
designed to display the association (jif

an experiment
and Fred, seateq behind a
coin has turned up heads or tajls, Table 5
hat is known as 4 contingency tahle.

an array
any) between qualitative varigbles.

Table 5, A contingency table

Experimenter’s toss
Fred’s guess Head (H) Tail (T)

H 45 9

T 8 38

The presence of an association can e confirmed by using a chi-square test

(see Chapter 11).  Since the value of the chi-square statistic depends partly

upon the sample size, it is unsuitable as g me ength of associatjon
between two qualitative variapjeg.

strength of association between qua
coefficient. Both measures are djse

1.5.3 Multi-way contingency tables

In the past three decades, there have been dramatic developments ip the
analysis of nominal data i the form of multi-way contingency taples.
Previously, tables with three Or more attributes were oftep ‘collapsed’ g
produce tWo-way tables, The usual chi-square test could then be applied, Such
‘collapsing’, however, ig fraught with tisk, and the
misleading regyls, The advent of modery
the relationshipg among the attribyie

tests may give highly .
1 loglinear analysis has made possible (o tease

S Ina way that wag not possible before (see Chapter 13).

1
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K .
basis

i e - the term
. rpose also. . ! - criterion variable (
g TeP ds reviewed here is to predict a target, or f)n other variables, known
s .
The purpose of thf)lm e'thoalso used in this context) flo‘g. e Sindependent variables, and
t variable is essors, predictors, itative variables,

dependen : the context) as regr T riables: qualitative v

- depending on be quantitative va . in research
variously ( Y 's need not always ictor variables in
covariates. The glljflctiotgsroup are often included among the pred

- and bloo ’

such as gendel

of this kind.

score or a category

iction procedure, begin at the
. riate prediction proce ses
A - selecting the appropria f .g. a set of catego
To use the flow chart (F(;gulese)tlflzlr the target variable is qualitative (e.g
d consider w
START box an

o ination scores).
Y or titative (e.g. exam
d Fail) or quan
such as Pass an

1.6.1

START

itative

Is target quanti
variable

qualitative or

quantitative?

How many

qualitative regressors?

Discriminant
anal ys is

e gt Simple
istic .
Log jon bivariate
ss .
regre regression

Multiple
regression

Flow chart showing procedures for prediction

Figure 5.




= Chapter 1

Begin at the START box and consider the purpose of the test. If it is to test for
goodness-of-fit, move down the left-hand side of the chart, If it is to estimate
the population mean or its probable range, move down the right-hand side. The

next consideration is the nature of the data: different types of data require

different tests. If the target variable is quantitative, a regression method should e
be considered. In simple regression, there is one predictor; in multiple regression, there are
two or more. Regression is the subject of Chapter 12. If the criterion variable is qualitative,

the techniques of discriminant analysis and logistic regression should be considered. They
are discussed in Chapter 14.

1.6.2 Simple regression

In some US universities, the authorities are interested in predicting students’ grade point
averages after a year of study from the scores they achieved on aptitude and intelligence tests
when they matriculated.

Suppose that, given a student’s verbal aptitude score at matriculation, we want See
to predict the same student’s grade point average a year later. This is a problem Chap.
in simple regression, and its solution is described in Chapter 12. 12

1.6.3  Multiple regression o

A student’s grade point average is associated not only with verbal aptitude, but
also with numerical ability. Can grade point average be predicted even more
accurately when both verbal ability and numerical ability are taken into
account? This is a problem in multiple regression. If grade point average is
correlated with both verbal and numerical aptitude, multiple regression will &
produce a more accurate prediction of a student’s grade point average than will a simple
regression upon either of the two regressors considered separately.

1.6.4 Predicting category membership: Discriminant analysis and logistic
regression

Two statistical techniques designed to help the user make predictions of
category membership are discriminant analysis and logistic regression (both
are discussed in Chapter 14). In recent years, logistic regression, being a
somewhat more robust technique than discriminant analysis, has become the
preferred method.

1.7 ONE-SAMPLE TESTS

Much psychological research involves the collection of two or more samples of data. This is

by no means always true, however: sometimes the researcher draws a single sample of
observations in order to study just one population.

The situations in which one might use a one-sample test are of two main kinds:
1. One may wish to compare a sample distribution with a hypothetical
distribution, such as the normal. This is a question of goodness-of-fit.
2. One may wish to make inferences about the parameters of a single
population from the statistics of a sample, either for the purpose of
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ascertaining whether the sample is from a.known population or
estimating the parameters of an unknown population.

1.7.1 Flow chart for selecting the appropriate one-sample test

Figure 6 summarises the circumstances in which a researcher might_ make various kl%’lgs of one-
sample tests. The tests reviewed in this section are more fully considered in Chapter 6.

START

goodness-of-fit finding population mean

measurement

nominal

measurement

Two categories

Binomial test

One-sample t-test

Kolmogorov-
Smirnov test
for goodness-
of-fit

Confidence interval
on the mean

More than two categories
Chi-square test for
goodness-of-fit

Figure 6. Flow chart of one-sample tests

Begin at the START box and consider the purpose of the test. If it is to tes; fgr goodness—c?i
i i t. If it is to estimate the population mean or 1
fit, move down the left-hand side of the chart. e the pop

plrobable range, move down the right-hand side. The next consideration is the nature of the

data: different types of data require different tests.

1.7.2 Goodness-of-fit: Data in the form of measurements

A question about a single population is oft.en one of .goodn.ess:.-of-flt: hills tzi
sample been drawn from a population with a specified dlstnbut(;on.shélsl:) t(.)
Suppose, for example, that one has a sample of measurements an, Wlills 10
ascertain whether these have been drawn from a noqnal popul.anon. igure

shows that the Kolmogorov-Smirnov test is appropriate for this purpose.




20

Chapter 1

1.7.3 Goodness-of-fit: Nominal data

Suppose a researcher wants to know whether 5-year-old children of a certain
age show a preference for one of two toys (A or B). The choices of one
hundred 5-year-olds are noted. Here the population comprises the choices (A
or B) of 5-year-olds in general. Of the hundred children in the study, 60
choose toy A and 40 toy B. The null hypothesis states that the probability of AESn
choosing A (or B) is 0.5: more formally, it states that we have sampled 700 times from a
Bernoulli population with p = 0.5. Does this theoretical distribution fit our data? Figure 6
indicates that a binomial test can be used to test this hypothesis.

If, in the foregoing example, there were three or more toys to choose from, the chi-square test
for goodness-of-fit can be used to test the null hypothesis that the children have no preference
for any particular toy.

1.7.4 Inferences about the mean of a single population

Suppose we want to know whether the performance of a group of schoolchildren on a
standardised test is typical of those in their age group. Figure 6 shows that a one-sample ¢ test
can be used to test the null hypothesis that the population mean has the putative
‘population’ value. Often, however, as when the researcher is working with a
non-standardised test, it may not be possible to specify any null hypothesis.
Suppose that a lecturer wishes to ascertain the typical reaction speed of first b
year university students within a certain age group. The lecturer may have data = Pl |
on, say, two hundred first year students; but the research question, being about the reaction
speeds of first year students in general, concerns the population of reaction times. The sample
mean is a point estimate of the unknown population mean. The ¢ distribution can also be used
to build a confidence interval around the sample mean, so that the researcher has a range of
values within which the true population mean is likely to lie.

1.75 Nominal data: Testing a coin for fairness

When we toss a coin a large number of times to ascertain its fairness, we obtain a sample from
the (infinite) population of such tosses. We might find that the coin turned up heads on 58 out

of 7100 tosses. Is the coin ‘fair’, that is, in the population, are the relative frequencies of heads
and tails both (.57

The binomial test can be used to test the hypothesis that the population
proportion is % (or, indeed, that it is any other specified proportion). A
confidence interval can also be constructed on the sample proportion to give a

range of values within which we can be confident that the true population
proportion lies. l

1.8 FINDING LATENT VARIABLES: FACTOR ANALYSIS

Suppose that 500 people are measured on twenty tests of ability. It is likely that if the
correlations between each test and every other test are arrayed in a correlation matrix R),
there will be substantial positive correlations among the tests in the battery.

21
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Factor analysis (see Chapter 15) is a set of techniqugs which, on t.he basis oi
the correlations in an R matrix, classify all the tests in a battf:ry in term§ od
relatively few underlying dimensions or factorg. The 1'ea-de%' will have n(?tlie
that the term factor has more than one meaning in statistics, becausehlt. ast “
already occurred in the context of ana1y31§ of variance (ANOYA), ‘ﬁ ere 1t " =
denotes an independent variable that is manipulated either f:xpenmelnta .y or statist ally by the
experimenter. Actually, the two meanings are not quite so dlSp.alattj, as1 mig | finst be
supposed. Arguably, the factors that emerge from factor analy‘sm are ha SO 1Eer£fore o
variables, since they contribute to performance on tests in the bgttely, whlcf: Cafl refore be
regarded as dependent variables. However, the factors emerging from a.(j‘t(t))l1 analy

never be directly measured or controlled by the researcher: they are latent variables.

In exploratory factor analysis, the object is to find the minimum number of i:actors nechsilry
to account for the correlations among the psychological tests. In conflrmat((i)ry actor
analysis, specified models are compared to see which gives the best account of the data.

19  AFINAL COMMENT

In this chapter, we have offered some advice about the circumstan'ces in wh1ch. one ml,%ht
consider using formal statistical tests to support the researcher s clagn that what. is tluer((i) 02;
particular data set is likely to be true in the population. At this point, however, a wo

warning is appropriate.

Formal tests, statistical models and their assumptions

The making of a formal statistical test of significan'ce always presupposes.the a;;pl;cﬂnilt}sf;faz
statistical model, that is, an interpretation (usually in the form of an equation) of t e; ;1:; seues
having been generated in a specified manner. The model .underlymg the one—stanipt.eStical t,ests
example, assumes that the data are from a normal Populanon. To some extent, stati tieal less
have been shown to be robust to moderate violations of the assumpt.lons of t%le mﬁ els ?nal
which they are based, that is, the actual error rates are not mark.edly dlfferent.ﬁom the nom

values. But there are limits to this robustness, and thel.'e_ are circumstances in oo .
which a result, declared by an incautious user to be sigr'nflcan; beﬁ?rid’ ;;11361; éhiz Chaps. |
0.05 level, may actually have been considerably more likely than that. %

- : 4&5
no way of avoiding this pitfall other than by thoroughly exploring the data first —

(see Chapters 4 and 5) to ascertain their suitability for specified formal tests. e




