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HAPTER 1: FIRST CONTACT WITH SPSS

SPSS stands for Software Package for the Social Sciences and was rebranded in version 18 to SPSS
(Predictive Analytics Software). Throughout this manual, we will employ the rebranded name, SPSS.
The screenshots you will see are taken from version 18. If you use an earlier version, some of the paths
might bedifferent because the makers of SPSS sometimes move the menu entries around. If you have
workedwith older versions before, the two most noticeable changes are found within the graph builder
and thenon-paracontinuous-level tests.

IWhat SPSS (SPSS) looks like

When you open SPSS you will be greeted by the opening dialog. Typically, you would type in data or
open an existing data file.

SPSS has three basic windows: the data window, the syntax window, and the output window. The

particular view can be changed by going to the Window menu. What you typically see first is the data
window.
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Data Window. The data editor window is where the data is either inputted or imported. The data
editor window has two views—the data view and the variable view. These two windows can be
swapped by clicking the buttons on the lower left corner of the data window. In the data view, your
data is presented in a spreadsheet style very similar to Excel. The data is organized in rows and
columns. Each row represents an observation and each column represents a variable.
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In the variable view, the logic behind each variable is stored. Each variable has a name (in the name
column), a type (numeric, percentage, date, string etc.), a label (usually the full wording of the
question), and the values assigned to the level of the variable in the “values” column. For example, in



the namecolumn we may have a variable called “gender.” In the label column we may specify that the
variableisthe “gender of participants.” In the values box, we may assign a “1” for males and a “2” for
females.You can also manage the value to indicate a missing answer, the measurement level —scale
(whichismetric, ratio, or interval data), ordinal or nominal, and new to SPSS 18 a pre-defined role.

Example.gav [DataSeti] - PASW Statistics Data Editor

Edt ‘View Data Transform  Analyze Graphs  LRities  Add.ons

SHOM e~ Bhd B B BoE 00

| Marme Type Width | Decimals Label Walues Missing Columns Align Measure Role

1 |[Test_Score | Mumeric a 2 Math Test Mone Mone g = Right & Scale S Input [£
2 | Test2_Score  Mumeric L5} 0 Reading Test Nane Mane 5 3= Right & Seale ™ Input
3 Testd_Score  Mumeric g 1] Witing Test Mone Mone & = Right & Scale “ Input
[ | Gender Numeric 8 0 Gender {0, Male}. Mone 8 = Right &5 Nominal ™ Input
& :Aml Mumaric g 1] Aptitude Tast 1 None Mone 5 = Right & Scale s Input
& | Apt2 Murnaric 8 0 Aptitude Test 2 Mone Mang 5 = Right & Scale “ Input
T | Apt3 Murmeric 8 0 Aptitude Test 3 None Mane 5 = Right & Scala ™ Input
8 Aptd Mumeric a 0 Aptitude Test 4 Mone Mone 5 3= Right & Scale N Input
__9____ Apt5 Mumeric 8 0 Aplitude Test 5 None Mane 5 = Right & Scale N Input
10 Exam Murnaric a 2 Exam {0, Faily... Mong 10 = Right &5 Nominal e Input
1 | Gradel Mumeric 8 2 Grade on Math ... {100, A} Mone 10 3= Right 4l Ordinal e Input
12 | Grade2 Mumeric ] 2 Grade on Readi... {100, A}..  Mone 10 3 Right Al Ordinal N Input
13 Grade3 Mumeric a 2 Grade on Writin... {1)00, A)._. Mane 10 3= Right 4l Ordinal s Input
T Goodi Mumeric 5} 2 Perdfarmance on... {0, Mot goo... Mone 8 = Right 4l Ordinal ™ Input
15 | Goodz Murmeric g 2 Performance on... {0, Mot goo... Mone 8 3 Right &l Ordinal e Input
16 Good3 Mumeric a 2 Performance on... {0, Mot goo... Mone g 3= Right 4l Ordinal N Input
1?'—__ Age Mumeric &} 2 Age None Mone 10 = Right & Scale ™ Input
18 | Final_zxam  Mumeric a 2 Final Exam Sc... (1,00, Fail}... MNone 12 = Right ,{I Ordinal “ Input
19 |Ex Humeric ] 2 Mid-term Exam 1 {100, Low ... Maone 10 T Right ol Ordinal e Input
0 | Exd Mumeric g8 2 Mid-tarm Exam 4 {100, Low .. Mone 10 = Right 4 Ordinal “w Input
21 '_ Ex5 Mumeric a 2 Mid-term Exam 5 {100, Low ... Mone 10 3= Right 4l Ordinal “ Input
2 | Ex2 Mumeric g 2 Mid-term Exam 2 {100, Low ... Mone 10 = Right ol Ordinal ™ Input
23 Ex3 MNumeric a 2 Mid-term Exam 3 (1,00, Low ... Mone 10 3= Right 4l Ordinal “ Input
'23 -_ Treatment Mumeric g 2 Teaching Meth... {100, Front... Mone " = Right d Ordinal N Input
25 |cif Numaeric 8 2 Gifi chogen by . {100, Super... Maone 10 = Right & Mominal N Input

M
9



The Syntax Window. In the syntax editor window you can program SPSS. Although it isn’t necessary to
program syntax for virtually all analyses, using the syntax editor is quite useful for two purposes: 1) to save
your analysis steps and 2) to run repetitive tasks. Firstly, you can document your analysis steps and save
them in a syntax file, so others may re-run your tests and you can re-run them as well. To do this you
simply hit the PASTE button you find in most dialog boxes. Secondly, if you have to repeat a lot of steps in
your analysis, for example, calculating variables or re-coding, it is most often easier to specify these things
in syntax, which saves you the time and hassle of scrolling and clicking through endless lists of variables.
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The Output Window. The output window is where SPSS presents the results of the analyses you
conducted. Besides the usual status messages, you'll find all of the results, tables, and graphs in here.
In theoutput window you can also manipulate tables and graphs and reformat them (e.g., to APA 6th
editionstyle).
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IUnderstanding the applications in the SPSS suite

ISPSS Statistics Base

The SPSS Statistics Base program covers all of your basic statistical needs. It includes crosstabs,
frequencies, descriptive statistics, correlations, and all comparisons of mean scores (e.g., t-tests,
ANOVAs, non-paracontinuous-level tests). It also includes the predictive methods of factor and cluster
analysis, linear and ordinal regression, and discriminant analysis.

ISPSS Regression

SPSS Regression is the add-on to enlarge the regression analysis capabilities of SPSS. This module
includes multinomial and binary logistic regression, constrained and unconstrained nonlinear regression,
weighted least squares, and probit.
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ISPSS Advanced Statistics

SPSS Advanced Statistics is the most powerful add-on for all of your regression and estimation needs. It
includes the generalized linear models and estimation equations, and also hierarchical linear modeling.
Advanced Statistics also includes Survival Analysis.
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N AmOs

AMOS is a program that allows you to specify and estimate structural equation models. Structural
equation models are published widely especially in the social sciences. In basic terms, structural
equation models are a fancy way of combining multiple regression analyses and interaction effects.
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HAPTER 2: CHOOSING THE RIGHT STATISTICAL ANALYSIS

This manual is a guide to help you select the appropriate statistical technique. Your quantitative study is a
process that presents many different options that can lead you down different paths. With the help of this
manual, we will ensure that you choose the right paths during your statistical selection process. The next
section will help guide you towards the right statistical test for your work. However, before you can select
a test it will be necessary to know a thing or two about your data.

When it comes to selecting your test, the level of measurement of your data is important. The

i measurement level is also referred to as the scale of your data. The easy (and
ﬁ} Nominal slightly simplified) answer is that there are three different levels of
,{I Ordinal | measurement: nominal, ordinal, and scale. In your SPSS data editor the
d?‘? Scale measurecolumn looks can have exactly those three values.

IMeasurement Scales

Nominal data is the most basic level of measurement. All data is at least nominal. A characteristic is
measured on a nominal scale if the answer contains different groups or categories like male/female;
treatment group/control group; or multiple categories like colors or occupations, highest degrees
earned, et cetera.

Ordinal data contains a bit more information than nominal data. On an ordinal scale your answer is one

of a set of different possible groups like on a nominal scale, however the ordinal scale allows you to
order the answer choices. Examples of this include all questions where the answer choices are grouped
in ranges, like income bands, age groups, and diagnostic cut-off values, and can also include rankings
(first place, second place, third place), and strengths or quantities of substances (high dose/ medium
dose/ low dose).

Scale data also contains more information than nominal data. If your data is measured on a continuous-

level scale then the intervals and/or ratios between your groups are defined. Technically, you can
define the distance between two ordinal groups by either a ratio or by an interval. What is a ratio scale?
A ratio scale is best defined by what it allows you to do. With scale data you can make claims such as
“first place is twice as good as second place’, whereas on an ordinal scale you are unable to make these
claims for you cannot know them for certain. Fine examples of scale data include the findings that a
temperature of 120°K is half of 240°K, and sixty years is twice as many years as thirty years, which is
twice as many years as fifteen. What is an interval scale? An interval scale enables you to establish
intervals. Examples include the findings that the difference between 150ml and 100ml is the same as
the difference between 80ml and 30ml, and five minus three equals two which is the same as twelve
minus ten equals two. Most often you'll also find Likert-like scales in the interval scale category of levels
of measurement. An example of a Likert-like scale would include the following question and
statements: How satisfied are you with your life? Please choose an answer from 1 to 7, where 1 is
completely dissatisfied, 2 is dissatisfied, 3 is somewhat dissatisfied, 4 is neither satisfied or dissatisfied,
5 is somewhat satisfied, 6 is satisfied, and 7 is completely satisfied. These scales are typically interval
scales and not ratio scales because you cannot really claim that dissatisfied (2) is half as satisfied as
neither (4). Similarly, logarithmic scales such as those you find in a lot of indices don't have the same

15



intervals between values, but the distance between observations can be expressed by ratios. [A word of
caution: statisticians often become overly obsessed with the latter category; they want to know for
instance if that scale has a natural zero. For our purposes it is enough to know that if the distance
between groups can be expressed as an interval or ratio, we run the more advanced tests. In this manual
we will refer to interval or ratio data as being of continuous-level scale.]

IStatisticaI Analysis Decision Tree

A good starting point in your statistical research is to find the category in which your research question

falls.
Y
xH
1

Classificatio?s

<
X]2[¥]

(X =LY

Relationships

(X =LY

Predictions

| am interested in... Differences

Are you interested in the relationship between two variables, for example, the higher X and the gigher
Y? Or are you interested in comparing differences such as, “X is higher for group A than it is for group
B?” Are you interested in predicting an outcome variable like, “how does Y increase for one more unitof
X?” Or are you interested in classifications, for example, “with seven units of X does my participant fall
into group A or B?”

IDecision Tree for Relationship Analyses

The level of measurement of your data mainly defines which statistical test you should choose. If you
have more than two variables, you need to understand whether you are interested in the direct or
indirect (moderating) relations between those additional variables.

[X =Y |

Relationships

[ My first variable is... |

Nom inal Ordinal Scale
| My second variable is...Nomingl Cross tabs
Ordinal Spearman
correlation
Scale Point biserial Pearson bivariate
correlation correlation
y

N
If I have a third
moderating variable

Partial correlation

If I have more than 2
variables

Canonical
correlation
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I Decision Tree for Comparative Analyses of Differences

You have chosen the largest family of statistical techniques. The choices may be overwhelming, but
start by identifying your dependent variable's scale level, then check assumptions from simple (no

assumptions for a Chi-Square) to more complex tests (ANOVA).

Scale of the
dependent
variable?

Distribution of
the dependent
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More than
2 variables?
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significant)
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EDecision Tree for Predictive Analyses

You have chosen a straightforward family of statistical techniques. Given that your independent

variables are often continuous-level data (interval or ratio scale), you need only consider the scale of

your dependent variable and the number of your independent variables.

XY

Predictions

My independent

variable is. .. Scale (ratio or interval)
i Nom inal| | Logistic regression |

variableis... | ol -_-_.

Ordinal | | Ordinal regression

Scale Simple linear

regression
\ 4 l v

If I have more than 2 Multiple linear Mult inom inal
independent variables regression regression
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N Decision Tree for Classification Analyses

If you want to classify your observations you only have two choices. The discriminant analysis has more
reliability and better predictive power, but it also makes more assumptions than multinomial regression.
Thoroughly weigh your two options and choose your own statistical technique.

X

and

Classificatic)frs

Are my independent variables
Y * Homoscedastic (equal

variances and covariances),
Multivariate normal,

* Linearly related?

2

Yes

No

v

v

Discriminant
analysis

Mult inom ial

regression

I‘How to Run Statistical Analysis in SPSS

Eav [DataSet1] - PASW Statistics Data Editor,
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Running statistical tests in SPSS is very straightforward,
as SPSS was developed for this purpose. All tests
covered in this manual are part of the Analyze menu. In
the following chapters we will always explain how to
click to the right dialog window and how to fill it
correctly. Once SPSS has run the test, the results will be
presented in the Output window. This manual offers a
very concise write-up of the test as well, so you will get
an idea of how to phrase the interpretation of the test
results and reference the test's null hypothesis.

I‘A Word on Hypotheses Testing
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In gquantitative testing we are always interested in the question, “Can | generalize my findings from my
sample to the general population?” This question refers to the external validity of the analysis. The
ability to establish external validity of findings and to measure it with statistical power is one of the key
strengths of quantitative analyses. To do so, every statistical analysis includes a hypothesis test. If you
took statistics as an undergraduate, you may remember the null hypothesis and levels of significance.

In SPSS, all tests of significance give a p-value. The p-value is the statistical power of the test. The
critical value that is widely used for p is 0.05. That is, for p < 0.05 we can reject the null hypothesis; in
most tests this means that we might generalize our findings to the general population. In statistical
terms, generalization creates the probability of wrongly rejecting a correct null hypothesis and thus the
p-value is equal to the Type | or alpha-error.

Remember: If you run a test in SPSS, if the p-value is less than or equal to 0.05, what you found in the
sample is externally valid and can be generalized onto the population.
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HAPTER 3: Introducing the two Examples used throughout this manual

In this manual we will rely on the example data gathered from a fictional educational survey. The
sample consists of 107 students aged nine and ten. The pupils were taught by three different methods
(frontal teaching, small group teaching, blended learning, i.e., a mix of classroom and e-learning).

Among the data collected were multiple test scores. These were standardized test scores in
mathematics, reading, writing, and five aptitude tests that were repeated over time. Additionally the
pupils got grades on final and mid-term exams. The data also included several mini-tests which included
newly developed questions for the standardized tests that were pre-tested, as well as other variables
such as gender and age. After the team finished the data collection, every student was given a
computer game (the choice of which was added as a data point as well).

The data set has been constructed to illustrate all the tests covered by the manual. Some of the results
switch the direction of causality in order to show how different measurement levels and number of
variables influence the choice of analysis. The full data set contains 37 variables from 107 observations:
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HAPTER 4: Analyses of Relationship

IChi—Square Test of Independence

IWhat is the Chi-Square Test of Independence?

The Chi-Square Test of Independence is also known as Pearson's Chi-Square, Chi-Squared, or 2. isthe
Greek letter Chi. The Chi-Square Test has two major fields of application: 1) goodness of fit test and 2)
test of independence.

Firstly, the Chi-Square Test can test whether the distribution of a variable in a sample approximates an
assumed theoretical distribution (e.g., normal distribution, Beta). [Please note that the Kolmogorov-
Smirnoff test is another test for the goodness of fit. The Kolmogorov-Smirnov test has a higher power,
but can only be applied to continuous-level variables.]

Secondly, the Chi-Square Test can be used to test of independence between two variables. That means
that it tests whether one variable is independent from another one. In other words, it tests whether or
not a statistically significant relationship exists between a dependent and an independent variable.
When used as test of independence, the Chi-Square Test is applied to a contingency table, or cross
tabulation (sometimes called crosstabs for short).

Typical questions answered with the Chi-Square Test of Independence are as follows:

- %%ﬁdﬂ)%?/ - ﬁrﬁ]%%dé’%ﬁ]f@%ﬁcléksIé(t\s\?e%ﬁttW(ger%taq"fltx\f iEPa‘{Ué‘%M%%”a%‘&‘U&S?nan in their early
0 30s?

PAARRFRT B Whit IS SRS MO Ayhi radlsn BmRnt Re AEEY s Bilfesegment B?

?
0 workers?

O

As we can see from these questions and the decision tree, the Chi-Square Test of Independence works
with nominal scales for both the dependent and independent variables. These example questions ask
for answer choices on a nominal scale or a tick mark in a distinct category (e.g., male/female,
infected/not infected, buy online/do not buy online).

In more academic terms, most quantities that are measured can be proven to have a distribution that
approximates a Chi-Square distribution. Pearson's Chi Square Test of Independence is an approximate
test. This means that the assumptions for the distribution of a variable are only approximately Chi-
Square. This approximation improves with large sample sizes. However, it poses a problem with small
sample sizes, for which a typical cut-off point is a cell size below five expected occurrences.
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Taking this into consideration, Fisher developed an exact test for contingency tables with small samples.
Exact tests do not approximate a theoretical distribution, as in this case Chi-Square distribution. Fisher's
exact test calculates all needed information from the sample using a hypergeocontinuous-level
distribution.

What does this mean? Because it is an exact test, a significance value p calculated with Fisher's Exact
Test will be correct; i.e., when p =0.01 the test (in the long run) will actually reject a true null hypothesis
in 1% of all tests conducted. For an approximate test such as Pearson's Chi-Square Test of
Independence this is only asymptotically the case. Therefore the exact test has exactly the Type | Error
(a-Error, false positives) it calculates as p-value.

When applied to a research problem, however, this difference might simply have a smaller impact on
the results. The rule of thumb is to use exact tests with sample sizes less than ten. Also both Fisher's
exact test and Pearson's Chi-Square Test of Independence can be easily calculated with statistical
software such as SPSS.

The Chi-Square Test of Independence is the simplest test to prove a causal relationship between an
independent and one or more dependent variables. As the decision-tree for tests of independence
shows, the Chi-Square Test can always be used.

IChi—Square Test of Independence in SPSS

In reference to our education example we want to find out whether or not there is a gender difference
when we look at the results (pass or fail) of the exam.

The Chi-Square Test of Independence can be found in Analyze/Descriptive Statistics/Crosstabs...

atistics Oata Editor
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This menu entry opens the crosstabs menu. Crosstabs is short for cross tabulation, which is sometimes
referred to as contingency tables.

The first step is to add the variables to rows and columns by simply clicking on the variable name in the
left list and adding it with a click on the arrow to either the row list or the column list.

&; Gender [Gender|

& Reading Test [Test2___ |
& Writing Test [Test3 S... |
& apitude Test 1 [Apt1)

& Apitude Test 2 [Apt2) |
& ptiude Test 3 (Ap13) |
& eptiude Test 4 [aptd] |
& aptitude Test 5 [Apts] |
ol Grade on Math Test[... [
1l Grade on Reading Te...
ol Grade onvriting Test.
ol Performance on Math...
d Performance on Read.,,
ol Pertormance onviti... |

Codumnis)

@ &5 Exam [Exam]

|| Display clustered bar charts
__| Suppress tables

The button Exact... opens the dialog for the Exact Tests. Exact tests are needed withsmall cell sizes
below ten respondents per cell. SPSS has the choice between Monte-Carlo simulation and Fisher's Exact
Test. Since our cells have a population greater or equal than ten we stick to the Asymptotic Test that is
Pearson's Chi-Square Test of Independence.

§if Crosstabs

& Reading Teg o

& vwting Test] @] Asymptotic only

& aptituce Ted  © Monte Carlo

& Apfitude Te Confidence levet } %
tude T

g ﬂauﬂe 'l: humber of samples:

& Apttude Ted O Exact

ol Grade on M4 (] * minutes

{l Grarle on R = .

dj P Exact method will be used instead of Monte Carlo

§ when computstional imits allow.

For nonasymptotic methods, cell courts are always
g ! Performancs !
rovunded or truncated in computing the test statistics.

] Dispiay chust ((cortinue ) [ cancet | teio |
(Lo || paste || meset |[cancei || rew |
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The button Statistics... opens the dialog for the additional statics we want SPSS to compute. Since we

want to run the Chi-Square Test of Independence we need to tick Chi-Square. We also want to include

the contingency coefficient and the correlations which are the tests of interdependence between our

two variables.

The next step is to click on the button Cells... This brings up the dialog to specify theinformation each
cell should contain. Per default, only the Observed Counts are selected; this wouldcreate a simple
contingency table of our sample. However the output of the test, the directionalityof the correlation,
and the dependence between the variables are interpreted with greater ease whenwe look at the

£if Crosstabs

& Aptiude Te
& Apitude Te
& Aptiude T

& Apttude r]
& aptitude T

n{_l Grace on M
d:l Grade on R
d Grade on
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ol Performang
{l Performang
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|| Suppress ts
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Phi and Cramer's vV Somers' d
Lambda Kencall's tau-b
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Eta Risk
Mchamar
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cancal || tep |

(Lot _J| Rasts || Reset || Cancei]| Hep |

differences between observed and expected counts and percentages.
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EThe Output of the Chi-Square Test of Independence

The output is quite straightforward and includes only four tables. The first table shows the sample
description.

Case Processing Summary

Cases
Valid Missing Total
N Percent N Percent N Percent
Gender Gender * Exam 107 100.0% 0 .0% 107 100.0%
Exam

The second table in our output is the contingency table for the Chi-Square Test of Independence. We
find that there seems to be a gender difference between those who fail and those who pass the exam.
We find that more male students failed the exam than were expected (22 vs. 19.1) and more female
students passed the exam than were expected (33 vs. 30.1).

Gender Gender * Exam Exam Crosstabulation

Exam Exam
.00 Fail 1.00 Pass Total

Gender Gender 0 Male Count 22 10 32
Expected Count 19.1 12.9 32.0

1 Female Count 42 33 75

Expected Count 449 30.1 75.0

Total Count 64 43 107
Expected Count 64.0 43.0 107.0

This is a first indication that our hypothesis should be supported—our hypothesis being that gender has
an influence on whether the student passed the exam. The results of the Chi-Square Test of
Independence are in the SPSS output table Chi-Square Tests:

Chi-Square Tests

Asymp. Sig. Exact Sig. (2- Exact Sig. (1-
Value df (2-sided) sided) sided)
Pearson Chi-Square 1.5172 1 218
Continuity Correction® 1.033 1 .309
Likelihood Ratio 1.546 1 214
Fisher's Exact Test .283 155
Linear-by-Linear 1.503 1 220
Association
N of Valid Cases 107

a. 0 cells (.0%) have expected countless than 5. The minimum expected countis 12.86.

b. Computed only for a 2x2 table
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Alongside the Pearson Chi-Square, SPSS automatically computes several other values, Yates’ continuity
correction for 2x2 tables being one of them. Yates introduced this value to correct for small degrees of
freedom. However, Yates’ continuity correction has little practical relevance since SPSS calculates Fisher's
Exact Test as well. Moreover the rule of thumb is that for large samples sizes (n > 50) the continuity
correction can be omitted.

Secondly, the Likelihood Ratio, or G-Test, is based on the maximum likelihood theory and for large

samples it calculates a Chi-Square similar to the Pearson Chi-Square. G-Test Chi-Squares can be added
to allow for more complicated test designs. Thirdly, Fisher's Exact Test, which we discussed earlier,

should be used for small samples with a cell size

below ten as well as for very large samples. The Linear-by-Linear Association, which calculates the
association between two linear variables, can only be used if both variables have an ordinal or
continuous-level scale.

The first row shows the results of Chi-Square Test of Independence: the x? value is 1.517 with 1 degree
of freedom, which results in a p-value of .218. Since 0.218 is larger than 0.05 we cannot reject the null
hypothesis that the two variables are independent, thus we cannot say that gender has an influence on
passing the exam.

The last table in the output shows us the contingency coefficient, which is the result of the test of
interdependence for two nominal variables. It is similar to the correlation coefficient r and in this case
0.118 with a significance of 0.218. Again the contingency coefficient's test of significance is larger than
the critical value 0.05, and therefore we cannot reject the null hypothesis that the contingency
coefficient is significantly different from zero.

Symmetric Measures

Asymp. Std.
Value Error® Approx. T° | Approx. Sig.
Nominal by Nominal Contingency Coefficient 118 .218
Interval by Interval Pearson's R 119 .093 1.229 .222°
Ordinal by Ordinal Spearman Correlation 19 .093 1.229 .222°
N of Valid Cases 107

One possible interpretation and write-up of this analysis is as follows:

The initial hypothesis was that gender and outcome of the final exam are not independent. The
contingency table shows that more male students than expected failed the exam (22 vs. 19.1)
and more female students than expected passed the exam (33 vs. 30.1). However a Chi-Square
test does not confirm the initial hypothesis. With a Chi-Square of 1.517 (d.f. = 1) the test can not
reject the null hypothesis (p = 0.218) that both variables are independent.
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I Bivariate (Pearson) Correlation

I What is a Bivariate (Pearson's) Correlation?

Correlation is a widely used term in statistics. In fact, it entered the English language in 1561, 200 years
before most of the modern statistic tests were discovered. It is derived from the [same]Latin word
correlation, which means relation. Correlation generally describes the effect that two or more
phenomena occur together and therefore they are linked. Many academic questions and theories
investigate these relationships. Is the time and intensity of exposure to sunlight related the likelihood of
getting skin cancer? Are people more likely to repeat a visit to a museum the more satisfied they are?
Do older people earn more money? Are wages linked to inflation? Do higher oil prices increase the cost
of shipping? It is very important, however, to stress that correlation does not imply causation.

A correlation expresses the strength of linkage or co-occurrence between to variables in a single value

between -1 and +1. This value that measures the strength of linkage is called correlation coefficient,
which is represented typically as the letter .

The correlation coefficient between two continuous-level variables is also called Pearson's r or Pearson
product-moment correlation coefficient. A positive r value expresses a positive relationship between
the two variables (the larger A, the larger B) while a negative r value indicates a negative relationship
(the larger A, the smaller B). A correlation coefficient of zero indicates no relationship between the
variables at all. However correlations are limited to linear relationships between variables. Even if the
correlation coefficient is zero, a non-linear relationship might exist.
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IBivariate (Pearson's) Correlation in SPSS

At this point it would be beneficial to create a scatter plot to visualize the relationship between our two
test scores in reading and writing. The purpose of the scatter plot is to verify that the variables have a
linear relationship. Other forms of relationship (circle, square) will not be detected when running

Pearson's Correlation Analysis. This would create a type Il error because it would not reject the null
hypothesis of the test of independence ('the two variables are independent and not correlated in the

universe') although the variables are in reality dependent, just not linearly.

The scatter plot can either be found in Graphs/Chart Builder... or in Graphs/Legacy Dialog/Scatter Dot...

£if "Education Example.sav [DataSet1] - PASW £

= Data Editor

File Ect Miew Data Transform  Analyze Graphs  LRitles  Addons  Window  Heip
SHE M w2 EBaE a0% %
Name Type E aui I St | Walues Flissin Columns Align Ieasure
1 Test_Score Nume?;: 8 Leg-sfvm T T k Mong hone : a = ngl'rtu & Scale =
2 Test2_Score  Mumeric g 1] Reading Test MNang Maone 5 == Right & Scale "
%) Testd_Score Mumeric g 1} Writing Test Mone Mone K == Right & Scale |
4 | Gender Mumeric g 0 Gender {0, Male}.. Mone 8 3= Right & Mominal y
5 Apt1 Mumeric g L1] Aptitude Tast 1 Mong Mone K] = Right & Scale |
5] Apt2 Mumeric a 1] Aptitude Test 2 None Mone 5 = Right & Scale |
7 | Ap13 Nurneric 8 0 Aptitude Test 3 None Mone 5 = Right & Scale 3
g8 Aptd Mumeric g L] Aptitude Test 4 Mone Mone 5 3= Right & Scale 3
9 | api5 Mumeric 8 0 Aptitude Test 5 Nane Mone 5 = Right & Scale 3
10 Exam Mumaeric 5] 2 Exarm {0, Fail}.... Mone 10 == Right &5 Mominal |
il Gradel Mumeric g 2 Grade on ath Test {100, A).. Mone 10 = Right il Ordinal 3
12 | Grade2 Mumeric &} 2 Grade on Reading Test {100, &) Mone 10 = Right ol Ordinal
13 Grade3 Mumearic g 2 Grade on Writing Test {1.00, A)... Mone 10 3= Right il Ordinal
14 Goodi Mumeric g 2 Perormance on Math T... {0, Mot goo... Mone g = Right £l Ordinal
15 Good2 Mumaeric g8 2 Parormance on Readin... {0, Mot goo... Mone g == Right £l Ordinal
16 Good3 Murmeric g 2 Performance on Wiiting... {0, Mot goo... Mone 8 == Right £l Ordlinal
17 '. Age Mumeric a D! Ange MNone Mone 10 = Right & Seale
18 Final_gxam  Mumaric g 2 Final Exam Score {1.00, Fail}... Mone 12 = Right 4l Ordinal
19 |Ext Mumeric 8 2 Mid-term Exarm 1 {100, Low ... Mone 10 = Right Al Ordinal
20 Exd Murmeric g 2 Mid-tarrm Exam 4 {100, Low ... Mone i0 = Right Sl Ordinal
21 Ex5 Mumeric 8 2 Mid-term Exam 5 {100, Low ... None 10 3= Right ol Ordinal
n Ex2 Murneric 8 2 Mid-tarm Exam 2 {1.00, Low ... Nene 10 = Right ol Ordinal
23 Ex3 Mumeric 3 2 Mi-tarm Exam 3 {1.00, Low ... Mone 0 3 Right ol Ordinal
24 -_ Treatment Mumeric g 2 Teaching Methods {1.00, Frant... Mone 1" = Right ol Ordinal
25 Gift Mumeric 8 2 Gift chosen by pupil 11,00, Super... Mone i0 = Right &5 Mominal
= = ) =
R s e Y s

29



In the Chart Builder we simply choose in the Gallery tab the Scatter/Dot group of charts and
drag the 'Simple Scatter' diagram (the first one) on the chart canvas. Next we drag variable Test_Score
on the y-axis and variable Test2_Score on the x-Axis.
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SPSS generates the scatter plot for the two variables. A double click on the output diagram opens the
chart editor and a click on 'Add Fit Line' adds a linearly fitted line that represents the linear association
that is represented by Pearson's bivariate correlation.
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To calculate Pearson's bivariate correlation coefficient in SPSS we have to open the dialog in
Analyze/Correlation/Bivariate...
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This opens the dialog box for all bivariate correlations (Pearson's, Kendall's, Spearman). Simply select
the variables you want to calculate the bivariate correlation for and add them with the arrow.

£ii Bivariate Correlations
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Select the bivariate correlation coefficient you need, in this case Pearson's. For the Test of Significance
we select the two-tailed test of significance, because we do not have an assumption whether it is a
positive or negative correlation between the two variables Reading and Writing. We also leave the
default tick mark at flag significant correlations which will add a little asterisk to all correlation
coefficients with p<0.05 in the SPSS output.

EThe Output of the Bivariate (Pearson's) Correlation

The output is fairly simple and contains only a single table - the correlation matrix. The bivariate
correlation analysis computes the Pearson's correlation coefficient of a pair of two variables. If the
analysis is conducted for more than two variables it creates a larger matrix accordingly. The matrix is
symmetrical since the correlation between A and B is the same as between B and A. Also the correlation
between A and A is always 1.

Correlations

Test2_Score Test3_Score
Reading Test Writing Test
Test2_Score Reading Pearson Correlation 1 645"
Test Sig. (2-tailed) 000
N 107 107
Test3_Score Writing Test ~ Pearson Correlation 645" 1
Sig. (2-tailed) 000
N 107 107

** Correlation is significant atthe 0.01 level (2-tailed).

In this example Pearson's correlation coefficient is .645, which signifies a medium positive linear
correlation. The significance test has the null hypothesis that there is no positive or negative correlation
between the two variables in the universe (r = 0). The results show a very high statistical significance of
p < 0.001 thus we can reject the null hypothesis and assume that the Reading and Writing test scores
are positively, linearly associated in the general universe.

One possible interpretation and write-up of this analysis is as follows:

The initial hypothesis predicted a linear relationship between the test results scored on the
Reading and Writing tests that were administered to a sample of 107 students. The scatter
diagrams indicate a linear relationship between the two test scores. Pearson's bivariate
correlation coefficient shows a medium positive linear relationship between both test scores (r =
.645) that is significantly different from zero (p < 0.001).
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i Partial Correlation

! What is Partial Correlation?

Spurious correlations have a ubiquitous effect in statistics. Spurious correlations occur when two effects
have clearly no causal relationship whatsoever in real life but can be statistically linked by correlation.

A classic example of a spurious correlation is as follows:

Do storks bring Babies? Pearson's Bivariate Correlation Coefficient shows a positive and
significant relationship between the number of births and the number of storks in a sample of 52
US counties.

Spurious correlations are caused by not observing a third variable that influences the two analyzed
variables. This third, unobserved variable is also called the confounding factor, hidden factor,
suppressor, mediating variable, or control variable. Partial Correlation is the method to correct for the
overlap of the moderating variable.

In the stork example, one cofounding factor is the size of the county — larger counties tend to have
larger populations of women and storks and—as a clever replication of this study in the Netherlands
showed—the cofounding factor is the weather nine months before the date of observation. Partial
correlation is the statistical test to identify and correct spurious correlations.

EHow to run the Partial Correlation in SPSS

In our education example, we find that the test scores of the second and the fifth aptitude tests
positively correlate. However we have the suspicion that this is only a spurious correlation that is
caused by individual differences in the baseline of the student. We measured the baseline aptitude with
the first aptitude test.

To find out more about our correlations and

507

to check the linearity of the relationship, we
create scatter plots. SPSS creates scatter
plots with the menu Graphs/Chart Builder...
and then we select Scatter/Dot from the
Gallery list. Simply drag 'Aptitude Test 2'
onto the y-axis and 'Aptitude Test 5' on the x-
Axis. SPSS creates the scatter plots, which
clearly shows a linear positive association

Aptitude Test 5

o ° between the two variables.
We can also create the scatter plots for the

interaction effects of our suspected control
0 10 20 30 40 50 . .
Aotitude Test 2 variable Aptitude Test 1. The scatter plots

show a medium, negative, linear correlation between our baseline test and the two tests in our analysis.
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Aptitude Test 2

T T T
10 20 30 40 50

Aptitude Test 1

Aptitude Test 5

T T T
10 20 30 40 50

Aptitude Test 1

Partial Correlations are found in SPSS under Analyze/Correlate/Partial...
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g8 Education Example.sav [DataSet] - PASW Statistics Data Editor
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This opens the dialog of the Partial Correlation Analysis. First, we select the variables for which we want to
calculate the partial correlation. In our example, these are Aptitude Test 2 and Aptitude Test 5. We want
to control the partial correlation for Aptitude Test 1, which we add in the list of control variables.

Wariahles:
& aptituds Test 2 [Apt2]
& aptitude Test 5 [4pts]

- Dptions...
&7 Maths Test [Test 5. | :

& Reading Test [Test2...
&% Wiriting Test [Test3__.
&)3 Gender [Gender]

&P aptitude Test 3 [Apt3)
& sptitude Test 4 [Aptd)
@3 Exam [Exam]

o Grade an Math Test...
_I'I Grade on Beadine T

Contralling for:
& sptitude Test 1 [Apt1]

Test of Significance
@ Two-tailed ©) One-tailed

Q' Dizplay actual significance level

| ok || paste | Reset |[cancel || Hep |

The dialog Options... allows to display additional descriptive statistics (mean and standard deviations)
and the zero-order correlations. If you haven’t done a correlation analysis already, check the zero-order
correlations, as this will include Pearson's Bivariate Correlation Coefficients for all variables in the
output. Furthermore we can manage how missing values will be handled.

£3F Partial Correlations
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(o) (aste) (Reset) (Cancel) (L)
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EThe Output of Partial Correlation Analysis

The output of the Partial Correlation Analysis is quite straightforward and only consists of a single table.
The first half displays the zero-order correlation coefficients, which are the three Person's Correlation
Coefficients without any control variable taken into account.

Correlations

Control Variables Apt2 Aptitude Apt5 Aptitude Apt1 Aptitude
Test2 Testb Test1
-none-? Apt2 Aptitude Test2  Correlation 1.000 339 -499
Significance (2-tailed) .000 .000
df 0 105 105
Apt5 Aptitude Test5  Correlation 339 1.000 -468
Significance (2-tailed) .000 .000
df 105 0 105
Apt1 Aptitude Test 1 Correlation -499 -468 1.000
Significance (2-tailed) .000 .000
df 105 105 0
Apt1 Aptitude Test1  Apt2 Aptitude Test2  Correlation 1.000 138
Significance (2-tailed) 159
df 0 104
Apt5 Aptitude Test5  Correlation 138 1.000
Significance (2-tailed) 159
df 104 0

a. Cells contain zero-order (Pearson) correlations.

The zero-order correlations seem to support our hypothesis that a higher test score on aptitude test 2

increases the test score of aptitude test 5. Both a weak association of r = 0.339, which is highly

significant p < 0.001. However, the variable aptitude test 1 also significantly correlates with both test
scores (r =-0.499 and r = -0.468). The second part of the table shows the Partial Correlation Coefficient
between the Aptitude Test 2 and Aptitude Test 5 when controlled for the baseline test Aptitude 1. The

Partial Correlation Coefficient is now rXYeZ = — 0.138 and not significant p = 0.159.

One possible interpretation and write-up of this analysis is as follows:

The observed bivariate correlation between the Aptitude Test Score 2 and the score of Aptitude
Test 5 is almost completely explained by the correlation of both variables with the baseline

Aptitude Test 1. The partial correlation between both variables is very weak (rXYeZ =—-0.138) and
not significant with p = 0.159. Therefore we cannot reject the null hypothesis that both variables
are independent.
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i Spearman Rank Correlation

! What is Spearman Correlation?

Spearman Correlation Coefficient is also referred to as Spearman Rank Correlation or Spearman's rho. It is
typically denoted either with the Greek letter rho (p), or rs. It is one of the few cases where a Greek

letter denotes a value of a sample and not the characteristic of the general population. Like all

correlation coefficients, Spearman's rho measures the strength of association of two variables. As such,
the Spearman Correlation Coefficient is a close sibling to Pearson's Bivariate Correlation Coefficient,
Point-Biserial Correlation, and the Canonical Correlation.

All correlation analyses express the strength of linkage or co-occurrence between to variables in a single
value between -1 and +1. This value is called the correlation coefficient. A positive correlation

coefficient indicates a positive relationship between the two variables (the larger A, the larger B) while a
negative correlation coefficients expresses a negative relationship (the larger A, the smaller B). A
correlation coefficient of 0 indicates that no relationship between the variables exists at all. However
correlations are limited to linear relationships between variables. Even if the correlation coefficient is

zero a non-linear relationship might exist. Compared to Pearson's bivariate correlation coefficient the

Spearman Correlation does not require

continuous-level data (interval or ratio), because it uses ranks instead of assumptions about the
distributions of the two variables. This allows us to analyze the association between variables of ordinal
measurement levels. Moreover the Spearman Correlation is a non-paracontinuous-level test, which
does not assume that the variables approximate multivariate normal distribution. Spearman Correlation
Analysis can therefore be used in many cases where the assumptions of Pearson's Bivariate Correlation
(continuous-level variables, linearity, heteroscedasticity, and multivariate normal distribution of the
variables to test for significance) are not met.

Typical questions the Spearman Correlation Analysis answers are as follows:

Sociology: Do people with a higher level of education have a stronger opinion of whether or not
tax reforms are needed?

Sl S R S e th A
0

O

Theoretically, the Spearman correlation calculates the Pearson correlation for variables that are
converted to ranks. Similar to Pearson's bivariate correlation, the Spearman correlation also tests the
null hypothesis of independence between two variables. However this can lead to difficult
interpretations. Kendall's Tau-b rank correlation improves this by reflecting the strength of the
dependence between the variables in comparison.
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Since both variables need to be of ordinal scale or ranked data, Spearman's correlation requires
converting interval or ratio scales into ranks before it can be calculated. Mathematically, Spearman
correlation and Pearson correlation are very similar in the way that they use difference measurements
to calculate the strength of association. Pearson correlation uses standard deviations while Spearman
correlation difference in ranks. However, this leads to an issue with the Spearman correlation when tied
ranks exist in the sample. An example of this is when a sample of marathon results awards two silver
medals but no bronze medal. A statistician is even crueler to these runners because a rank is defined as
average position in the ascending order of values. For a statistician, the marathon result would have
one first place, two places with a rank of 2.5, and the next runner ranks 4. If tied ranks occur, a more
complicated formula has to be used to calculate rho, but SPSS automatically and correctly calculates tied
ranks.

ISpearman Correlation in SPSS

We have shown in the Pearson's Bivariate Correlation Analysis that the Reading Test Scores and the
Writing test scores are positively correlated. Let us assume that we never did this analysis; the research
guestion posed is then, “Are the grades of the reading and writing test correlated?” We assume that all
we have to test this hypothesis are the grades achieved (A-F). We could also include interval or ratio
data in this analysis because SPSS converts scale data automatically into ranks.

The Spearman Correlation requires ordinal or ranked data, therefore it is very important that
measurement levels are correctly defined in SPSS. Grade 2 and Grade 3 are ranked data and therefore
measured on an ordinal scale. If the measurement levels are specified correctly, SPSS will automatically
convert continuous-level data into ordinal data. Should we have raw data that already represents
rankings but without specification that this is an ordinal scale, nothing bad will happen.

Spearman Correlation can be found in SPSS in Analyze/Correlate/Bivariate...
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This opens the dialog for all Bivariate Correlations, which also includes Pearson's Bivariate Correlation.
Using the arrow, we add Grade 2 and Grade 3 to the list of variables for analysis. Then we need to tick
the correlation coefficients we want to calculate. In this case the ones we want are Spearman and
Kendall's Tau-b.

£if Bivariate Correlations

= rovaves [ options..
& Exam [Exam] =] |l Grade on Reading Test..|| = '
:EI Grade on Math Test... d:l Grade on Writing Test [..

d:l Perfarmance on Ma. .. ]
Perfarmance on Re. ..

dj i

d:l Perfarmance an Wi, ;

& Pue [Loe]

d:l Firal Exam Scare [F..
JI Grade on Mid-Term ..

Kl

— icorrelation Coefficients

[3f] Pearson [] Kendall's tau-b [] Spearman

— Test of Significance =

(@ Two-tailed One-tailed

m Flag significant correlations

(x| (eost | (et ] (o) (o

IThe Output of Spearman's Correlation Analysis

The output of Spearman’s Correlation Analysis is fairly straightforward and consists of only one table.
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Correlations

Grade2 Grade | Grade3 Grade
on Reading on Writing
Test Test
Kendall's tau_b Grade2 Grade on Correlation Coefficient 1.000 507"
Reading Test . .
Sig. (2-tailed) .000
N 107 107
Grade3 Grade on Writing Correlation Coefficient 507" 1.000
Test
Sig. (2-tailed) .000
N 107 107
Spearman's rho  Grade2 Grade on Correlation Coefficient 1.000 634"
Reading Test . .
Sig. (2-tailed) .000
N 107 107
Grade3 Grade on Writing Correlation Coefficient 634" 1.000
Test
Sig. (2-tailed) .000
N 107 107

**. Correlation is significant at the 0.01 level (2-tailed).

The first coefficient in the output table is Kendall's Tau-b. Kendall's Tau is a simpler correlation

coefficient that calculates how many concordant pairs (same rank on both variables) exist in a sample.

Tau-b measures the strength of association when both variables are measured at the ordinal level. It
adjusts the sample for tied ranks.

The second coefficient is Spearman's rho. SPSS shows that for example the Bivariate Correlation

Coefficient between Grade 2 and Grade 3 is T=0.507 and p = 0.634. In both cases the significance is p <
0.001. For small samples, SPSS automatically calculates a permutation test of significance instead of the

classical t-test, which violates the assumption of multivariate normality when sample size is small.
One possible interpretation and write-up of Spearman's Correlation Coefficient rho and the test of

significance is as follows:

We analyzed the question of whether the grade achieved in the reading test and the grade

achieved in the writing test are somewhat linked. Spearman's Correlation Coefficient indicates a
strong association between these two variables (p = 0.634). The test of significance indicates
that with p < 0.001 we can reject the null hypothesis that both variables are independent in the
general population. Thus we can say that with a confidence of more than 95% the observed
positive correlation between grade writing and grade reading is not caused by random effects
and both variables are interdependent.

Please always bear in mind that correlation alone does not make for causality.

IPoint-BiseriaI Correlation

IWhat is Point-Biserial Correlation?
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Like all correlation analyses the Point-Biserial Correlation measures the strength of association or co-
occurrence between two variables. Correlation analyses express this strength of association in a single
value, the correlation coefficient.

The Point-Biserial Correlation Coefficient is a correlation measure of the strength of association between
a continuous-level variable (ratio or interval data) and a binary variable. Binary variables are variables of
nominal scale with only two values. They are also called dichotomous variables or dummy variables in
Regression Analysis. Binary variables are commonly used to express the existence of a certain
characteristic (e.g., reacted or did not react in a chemistry sample) or the membership in a group of
observed specimen (e.g., male or female). If needed for the analysis, binary variables can also be
created artificially by grouping cases or recoding variables. However it is not advised to artificially create
a binary variable from ordinal or continuous-level (ratio or scale) data because ordinal and continuous-
level data contain more variance information than nominal data and thus make any correlation analysis
more reliable. For ordinal data use the Spearman Correlation Coefficient rho, for continuous-level (ratio
or scale) data use Pearson's Bivariate Correlation Coefficient r. Binary variables are also called dummy.
The Point-Biserial Correlation Coefficient is typically denoted as rpb .

Like all Correlation Coefficients (e.g. Pearson's r, Spearman's rho), the Point-Biserial Correlation
Coefficient measures the strength of association of two variables in a single measure ranging from -1 to
+1, where -1 indicates a perfect negative association, +1 indicates a perfect positive association and 0
indicates no association at all. All correlation coefficients are interdependency measures that do not
express a causal relationship.

Mathematically, the Point-Biserial Correlation Coefficient is calculated just as the Pearson's Bivariate
Correlation Coefficient would be calculated, wherein the dichotomous variable of the two variables is
either 0 or 1—which is why it is also called the binary variable. Since we use the same mathematical
concept, we do need to fulfill the same assumptions, which are normal distribution of the continuous
variable and homoscedasticity.

Typical questions to be answered with a Point-Biserial Correlation Analysis are as follows:

Biology — Do fish react differently to red or green lighted stimulus as food signal? Is there an
association between the color of the stimulus (red or green light) and the reaction time?
0 Medicine — Does a cancer drug prolong life? How strong is the association between
administering the drug (placebo, drug) and the length of survival after treatment?
Sociology — Does gender have an influence on salary? Is there an association between gender
O (female, male) with the income earned?
Social psychology — Is satisfaction with life higher the older you are? Is there an association
between age group (elderly, not elderly) and satisfaction with life?
U Economics — Does analphabetism indicate a weaker economy? How strong is the association
between literacy (literate vs. illiterate societies) and GDP?
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Since all correlation analyses require the variables to be randomly independent, the Point-Biserial
Correlation is not the best choice for analyzing data collected in experiments. For these cases a Linear
Regression Analysis with Dummy Variables is the best choice. Also, many of the questions typically
answered with a Point-Biserial Correlation Analysis can be answered with an independent sample t-Test
or other dependency tests (e.g., Mann-Whitney-U, Kruskal-Wallis-H, and Chi-Square). Not only are some
of these tests robust regarding the requirement of normally distributed variables, but also these tests
analyze dependency or causal relationship between an independent variable and dependent variables in
question.

EPoint-BiseriaI Correlation Analysis in SPSS

Referring back to our initial example, we are interested in the strength of association between passing or
failing the exam (variable exam) and the score achieved in the math, reading, and writing tests. In order to
work correctly we need to correctly define the level of measurement for the variables in the variable view.
There is no special command in SPSS to calculate the Point-Biserial Correlation Coefficient; SPSS needs to
be told to calculate Pearson's Bivariate Correlation Coefficient r with our data.

Since we use the Pearson r as Point-Biserial Correlation Coefficient, we should first test whether there is
a relationship between both variables. As described in the section on Pearson's Bivariate Correlation in
SPSS, the first step is to draw the scatter diagram of both variables. For the Point-Biserial Correlation
Coefficient this diagram would look like this.
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80.007

60.007

Maths Test

40.001

20.007

.00 T
Fail Pass
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The diagram shows a positive slope and indicates a positive relationship between the math score and

passing the final exam or failing it. Since our variable exam is measured on nominal level (0, 1), a better
way to display the data is to draw a box plot. To create a box plot we select Graphs/Chart Builder... and
select the Simple Box plot from the List in the Gallery. Drag Exam on the x-axis and Math Test on the y-

axis.
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In our example we can see in the box plot that not only are the math scores higher on average for
students who passed the final exam but also that there is almost no overlap between the two groups.
Now that we have an understanding of the direction of our association between the two variables we can
conduct the Point-Biserial Correlation Analysis.

SPSS does not have a special procedure for the Point-Biserial Correlation Analysis. If a Point-Biserial

Correlation is to be calculated in SPSS, the procedure for Pearson's r has to be used. Therefore we open
the Bivariate Correlations dialog Analyze/Correlate/Bivariate...
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nominal variable is of measured on the continuous-level (ratio or interval data).

Correlations

Test_Score Test2_Score Test3_Score

Exam Exam Math Test Reading Test Writing Test

Exam Exam Pearson Correlation 1 810" 545" 673"

Sig. (2-tailed) 000 000 000

N 107 107 107 107

Test_Score Math Test Pearson Correlation 8107 1 582" 74T

Sig. (2-tailed) 000 000 000

N 107 107 107 107

Test2_Score Reading Pearson Correlation 545" 582" 1 645"

Test Sig. (2-tailed) 000 000 000

N 107 107 107 107

Test3_Score Writing Test ~ Pearson Correlation 673" 747" 645" 1
Sig. (2-tailed) 000 000 000

N 107 107 107 107

** Correlation is significant atthe 0.01 level (2-tailed).
The table shows that the correlation coefficient for math is r = 0.810, for reading is r = 0.545 and for
writing is r = 0.673. This indicates a strong association between the outcome of the exam and the
previous test scores in reading, writing, and math. The two-tailed test of independence is significant
with p < 0.001. Therefore we can reject our null hypotheses that each variable is independent in the
universe with a confidence level greater than 95%.

A write-up could read as follows:

We analyzed the relationship between passing or failing the final exam and the previously
achieved scores in math, reading, and writing tests. The point-biserial correlation analysis finds
that the variables are strongly and positively associated (r = 0.810, 0.545, and 0.673). That
statistical test of significance confirms that the correlation we found in our sample can be
generalized onto the population our sample was drawn from (p < 0.001). Thus we might say that
a higher test score increases the probability of passing the exam and vice versa.

I Canonical Correlation

I What is Canonical Correlation analysis?

The Canonical Correlation is a multivariate analysis of correlation. As we discussed before Pearson's r,
Spearman's rho, Chi-Square, Point-Biserial are all bivariate correlation analysis, which measure the
strength of association between two and only two variables.
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Canonical is the statistical term for analyzing latent variables (which are not directly observed) that
represent multiple variables (which are directly observed). The term can also be found in canonical
regression analysis and in multivariate discriminant analysis.

Canonical Correlation analysis is the analysis of multiple-X multiple-Y correlation. The Canonical
Correlation Coefficient measures the strength of association between two Canonical Variates.

A Canonical Variate is the weighted sum of the variables in the analysis. The canonical variate is

denoted CV. Similarly to the discussions on why to use factor analysis instead of creating unweighted
indices as independent variables in regression analysis, canonical correlation analysis is preferable in
analyzing the strength of association between two constructs. This is such because it creates an internal
structure, for example, a different importance of single item scores that make up the overall score (as
found in satisfaction measurements and aptitude testing).

For multiple x and y the canonical correlation analysis constructs two variates CVX1 = alx1 + a2x2 + a3x3 +

ehds@R and CVY1 = blyl + b2y2 + b3y3 + ... + bmym. The canonical weights al...an and bl..bn are

that they maximize the correlation between the canonical variates CVX1 and CVY1. A pair of canonical
variates is called a canonical root. This step is repeated for the residuals to generate additional duplets
of canonical variates until the cut-off value = min(n,m) is reached; for example, if we calculate the
canonical correlation between three variables for test scores and five variables for aptitude testing, we
would extract three pairs of canonical variates or three canonical roots. Note that this is a major
difference from factor analysis. In factor analysis the factors are calculated to maximize between-group
variance while minimizing in-group variance. They are factors because they group the underlying
variables.

Canonical Variants are not factors because only the first pair of canonical variants groups the variables in
such way that the correlation between them is maximized. The second pair is constructed out of the
residuals of the first pair in order to maximize correlation between them. Therefore the canonical
variants cannot be interpreted in the same way as factors in factor analysis. Also the calculated
canonical variates are automatically orthogonal, i.e., they are independent from each other. Similar to

factor analysis, the central results of canonical correlation analysis are the canonical

correlations, the canonical factor loadings, and the canonical weights. They can also be used to

calculate d, the measure of redundancy. The redundancy measurement is important in questionnaire
design and scale development. It can answer questions such as, “When | measure a five item

satisfaction with the last purchase and a three item satisfaction with the after sales support, can |

exclude one of the two scales for the sake of shortening my questionnaire?” Statistically it represents the
proportion of variance of one set of variables explained by the variant of the other set of variables. The

canonical correlation coefficients test for the existence of overall relationships between two sets of
variables, and redundancy measures the magnitude of relationships. Lastly Wilk's lambda (also called U
value) and Bartlett's V are used as a Test of Significance of the canonical correlation coefficient.
Typically Wilk's lambda is used to test the significance of the first canonical correlation coefficient and
Bartlett's V is used to test the significance of all canonical correlation coefficients.

47



A final remark: Please note that the Discriminant Analysis is a special case of the canonical correlation
analysis. Every nominal variable with n different factor steps can be replaced by n-1 dichotomous
variables. The Discriminant Analysis is then nothing but a canonical correlation analysis of a set of
binary variables with a set of continuous-level(ratio or interval) variables.

ICanonicaI Correlation Analysis in SPSS

We want to show the strength of association between the five aptitude tests and the three tests on

math, reading, and writing. Unfortunately, SPSS does not have a menu for canonical correlation

analysis. So we need to run a couple of syntax commands. Do not worry—this sounds more
complicated than it really is. First, we need to open the syntax window. Click on File/New/Syntax.
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In the SPSS syntax we need to use the command for MANOVA and the subcommand /discrim in a one
factorial design. We need to include all independent variables in one single factor separating the two
groups by the WITH command. The list of variables in the MANOVA command contains the dependent
variables first, followed by the independent variables (Please do not use the command BY instead of
WITH because that would cause the factors to be separated as in a MANOVA analysis).

The subcommand /discrim produces a canonical correlation analysis for all covariates. Covariates are

specified after the keyword WITH. ALPHA specifies the significance level required before a canonical
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variable is extracted, default is 0.25; it is typically set to 1.0 so that all discriminant function are
reported. Your syntax should look like this:

E-:! *Symilax? - PASW Statistics Symlax Editor
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To execute the syntax, just highlight the code you just wrote and click on the big green Play button.
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IThe Output of the Canonical Correlation Analysis

The syntax creates an overwhelmingly large output. No worries, we discuss the important bits of it next.
The output starts with a sample description and then shows the general fit of the model reporting

Pillai's, Helling's, Wilk's and Roy's multivariate criteria. The commonly used test is Wilks's lambda, but
we find that all of these tests are significant with p < 0.05.

********U'#******Analysjs Df U’ariance__Desim ]II*****:

EFFECT .. WITHIN CELLS Regression
Iultrrariate Tests of Significance (S=3, M= 12, N =48 1/2)

Test Mame Value Approx. F Hypoth, DF Error DF Sig. of F
Pillais 71752 6.35012 15.00 3035.00 000
Hotellings 1.02475 12.92200 15.00 293.00 0o
Wilks 32195 9.26239 15.00 7370 000
Roys G578

The next section reports the canonical correlation coefficients and theeigenvalues of the canonical
roots. The first canonical correlation coefficient is .81108 with an explained variance of the correlation
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of 96.87% and an eigenvalue of 1.92265. Thus indicating that our hypothesis is correct — generally the
standardized test scores and the aptitude test scores are positively correlated.

Figerrralues and Catonical Correlations

F.oot Mo, Eigerrralue Pct. Cum. Pet. Canon Cor, By Cor
| 192265 9687114 96 87114 8110a B5784
2 04540 243863 99 30977 21484 04617
3 01370 B90Z3 10000000 11625 01351

So far the output only showed overall model fit. The next part tests the significance of eachofthe roots.
We find that of the three possible roots only the first root is significant with p < 0.05. Sinceourmodel
contains the three test scores (math, reading, writing) and five aptitude tests, SPSS extractsthree
canonical roots or dimensions. The first test of significance tests all three canonical rootsofsignificance
(f=9.26 p < 0.05), the second test excludes the first root and tests roots two to three, thelasttest tests
root three by itself. In our example only the first root is significant p < 0.05.

Dimension Reduction Analysis

Foots Willes L F Hypaoth. DF Error OF Big of F
1TO3 32195 0 26280 15.00 27370 .00o
2TO3 .54094 7260 8.00 200.00 B27
3TO3 BEe49 48121 3.00 101.00 10

In the next parts of the output SPSS presents the results separately for each ofthe two sets of variables.
Within each set, SPSS gives the raw canonical coefficients, standardized coefficients, correlations
between observed variables and the canonical variant, and the percent of variance explained by the
canonical variant. Below are the results for the 3 Test variables.

EFFECT .. WITHIN CELLS Fegression (Cont.)
Univariate F-tests with (5,101 D F.

Wariable Sg. Mul B Adj F-sg. Hypoth WS FError WIS F Sig of F

Test Seo 23789 20016 1607.60519 25495838 6.30536 .0oo
Test2 Se 64316 62540 233349702 4. 09337 3640077 .0oo
Test3_Sc 37145 34033 103516713 86.71635 11.93739 .0oo

The raw canonical coefficients are similar to the coefficients in linear regression;they can be used to
calculate the canonical scores.
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Raw canonical coefficients for DEPEMDEMNT wariables

Function Mo.
Wariahle 1 2 3
Test_Sco 00792 02522 08179
Test2_Sc - 06959 - 07412 .00&39
Testd Sc -02168 DE361 - 11318

Easier to interpret are the standardized coefficients (mean = 0, st.dev. = 1). Only the first root is
relevant since root two and three are not significant. The strongest influence on the first root is variable
Test_Score (which represents the math score).

atandardized canonical coefficients for DEPENDEMNT wvariatles

Function Mo.
Warighle 1 2 3
Test_Sco 14138 45026 1.46034
Test? Bc -.01034 - DA0AS 10970
Test3 Bc - 24862 D5EAS -1.20763

Correlations between DEPENDERNT and canonical wariables

Function Mo,
Wariahle 1 2 3
Test_Sco - 57434 60197 55476
Test? Sc - O8E33 - 08047 (12326
Testd Sc - 2001 JBAAAN -. 13530

Wariance in dependent variahles explained by canonical wariables

CAMN. VAR, Poct Var DEP CumPct DEP Pet Var COV Cum Pet COV

1 61.31474 61.31474 40.33556 40.33556
2 27 30463 BE.619309 1.26055 41.59411
3 11.35061 100.00000 153380 41.74991

The next section shows the same information (raw canonical coefficients, standardized coefficients,
correlations between observed variables and the canonical variant, and the percent of variance
explained by the canonical variant) for the aptitude test variables.
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Faw canonical coefficients for COVARIATER

Function Mo
COVARIATE 1 2 3
Aptl - 08024 09133 - 04750
Apt2 04519 13585 00730
Apt3 01328 -.00559 - 05456
Aptd 01620 -.01477 -. 14681
Apts - 00863 01935 -.0a113

atandardized canonical coefficients for COVARIATER

CAN. VAR,
COVARIATE 1 2 3
Aptl - 751838 85575 -.63335
Aptl 35541 1.06834 05743
Apt3 09324 -.03924 -.38297
Aptd 098568 -.08712 -.80597
Apts - 06749 15099 -.47064

Correlations between COVARIATES and canonical variables

CAN. VAR,
Covatiate 1 2 3
Aptl - 94348 (2R84 - 0a654
Aptd 75453 GT5ED 04334
Apt3 21641 5831 - 20545
Aptd 39052 - 23244 - 75458
Apta 45147 ET9A - 41828

Variance in covariates explained by canonical variables

CAN. VAR, Pct WVarDEP  Cum Pct DEP Pot Var COV Cum Pct COV

1 2388175 2388175 36.30304 36.30304
2 55368 24 44043 12.10159 4340463
3 21429 24.65472 1585068 64.26130

Again, in the table standardized coefficients, we find the importance of the variables on the canonical
roots. The first canonical root is dominated by Aptitude Test 1.

The next part of the table shows the multiple regression analysis of each dependent variable (Aptitude

Test 1 to 5) on the set of independent variables (math, reading, writing score).
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Regression analysis for WITHIN CELLS error term
--- Individual Univariate 9500 confidence intervals

Dependent variable .. Test Score Iiath Test

COVARIATE B Beta  Std Eor

Aptl 8004508228 4200904618 21579
Apt2 - 0337487173 -.0236747029 L2353
Apt3 - 1361961490 - 0732065613 22709
Aptd - 33672686635 - 1151005754 (28083
Apt3 458101909 0201306043 22954
Dependent variable .. Test2_Score Feading Test
COVARIATE B Beta  5td. Emr.

Aptl (ED58566784  5TTIBZ0596 10820
At - 5067324452 - 3046167084 11603
Apt3 - 1431092808 -.0794727091 1386
Aptd - 1937971905 - 09040743850 14080
Apts 0741805551 04448753802 11509
Dependent variable .. Test3_Score Writing Test
COVARIATE B Beta  Std Err

Aptl JJ076293351 5783021719 12585
Apt2 - DE3BE06280 - 0575402026 13601
Apt3 - 0895001530 -.0547959032 13244
Aptd - 1069142521 -.0569090456 6373
Apt5 013971121 0693850664 13387

t-Value  Sig oft  Lower -95%  CL- Upper

370037 000 37258 1.22854
-.23047 818 - 31633 ADgEs
- 81993 414 - 63663 (26428
-1.10006 233 - 80331 22035
19957 842 -.40954 0114

t-Value Sig oft Lower -95%  CL- Upper

T.44812 .00 59123 1.02049
-4.33363 000 - 73860 - 47T
-1.30082 A9 -.37397 0F7F5
-1.37638 A72 - 47311 08552
64455 52 - 15413 30240

t-Value  Sig oft Lower -95%  CL- Upper

562278 000 45793 95728
- G167 539 - 35370 (18592
-.67580 501 -.35222 17322
-.65230 515 - 43180 (21798
5744 451 - 16416 36696

The next section with the analysis of constant effects can be ignored as it is not relevant for the
canonical correlation analysis. One possible write-up could be:

The initial hypothesis is that scores in the standardized tests and the aptitude tests are
correlated. To test this hypothesis we conducted a canonical correlation analysis. The analysis
included three variables with the standardized test scores (math, reading, and writing) and five
variables with the aptitude test scores. Thus we extracted three canonical roots. The overall
model is significant (Wilk's Lambda = .32195, with p < 0.001), however the individual tests of
significance show that only the first canonical root is significant on p < 0.05. The first root
explains a large proportion of the variance of the correlation (96.87%, eigenvalue 1.92265). Thus
we find that the canonical correlation coefficient between the first roots is 0.81108 and we can

assume that the standardized test scores and the aptitude test scores are positively correlated in
the population.
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HAPTER 5: Analyses of Differences

Ilndependent Variable T-Test ’

IWhat is the independent variable t-test?

The independent variable t-test is a member of the t-test family. All tests in the t-test family compare
differences in mean scores of continuous-level (interval or ratio), normally distributed data. The t-test
family belongs to the bigger group of the bivariate dependency analysis. All t-tests split the analysis in a
dependent and independent variable and assume that the independent variable influences the dependent
variable in such a way that the influence causes the observed differences of the mean scores.

However the independent variable t-test is somewhat different. The independent variable t-test
compares whether a variable is zero in the population. This can be done because many statistical
calculated measurements approximate students’ t-distribution when the underlying variables that go
into the calculation are normal distributed.

How is that relevant? The independent variable t-test is most often used in two scenarios: (1) as the
test of significance for estimated coefficients and (2) as the test of independence in correlation analyses.
To start, the independent variable t-test is extremely important for statistical analyses that calculate
variable weights, for example linear regression analysis, discriminant analysis, canonical correlation
analysis, or structural equation modeling. These analyses use a general linear model and an
optimization mechanic, for example maximum likelihood estimates, to build a linear model by adding
the weighted variables in the analysis. These estimations calculate the coefficients for the variables in
the analysis. The independent variable t-test is used to check whether these variable weights exist in
the general population from which our sample was drawn or whether these weights are statistical
artifacts only found by chance.

Most statistical packages, like SPSS, test the weights of linear models using ANOVA and the t-test,
because the ANOVA has a higher statistical power and also because the relationship is quite simple
(t>=F). However the ANOVA makes additional assumptions, for example homoscedasticity that the t-test
does not need. Most statistical packages used to estimate Structural Equation Models, e.g., AMOS, EQS,
LISREL, call the independent variable t-test z-statistics. In some older versions the tests are called T-
values. It is also noteworthy that the overall goodness of fit of a structural equation model when based
on the covariance matrix uses the chi-square distribution. Individual path weights are based on the t-
test or ANOVA, which typically can be specified when defining the model.

Once again, it is important to point out that all t-tests assume normality of the underlying variables in
the sample. The test is robust for large sample sizes and in data sets where the underlying distributions
are similar even when they are not normal. If the normality assumption is violated, the t-values and
therefore the levels of significance are too optimistic.
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Secondly, the independent variable t-test is used as the test of independence in correlation analyses,
e.g., Pearson's bivariate r, point-biserial r, canonical correlation analysis, classical test of Spearman's rho.
These variables calculate a sample test value to measure independence, whose distribution
approximates students’ t distribution for large sample sizes. In correlation analysis the independent
variable t-test assesses whether the variables are independent in the population or whether the linkage
between the variables found in the sample is caused by chance.

The independent variable t-test is virtually identical to the one-sample t-test. But where the

independent variable t-test tests significance or the independence of a derived statistical measurement,
the one-sample t-test tests whether a mean score calculated from a sample equals certain
hypothetically assumed value (e.g., zero, or a known population mean).

N The Independent variable t-test in SPSS

The independent variable t-test examines whether a statistical variable is zero in the universe from
which the sample was drawn. This is typically used in correlation analysis and in coefficient estimation.
In SPSS the independent variable t-test is always found in the respective menus of the analyses. See the
chapters on Bivariate Correlation Analysis in SPSS, Spearman Correlation Analysis in SPSS and Regression
Analysis in SPSS for details on how to calculate the analyses. These sections also include descriptions in
how to interpret the full output and a sample write-up of the analysis.

ICorreIations

In the bivariate correlation analyses it
is included in the general correlation

£:f Bivariate Correlations

menu. It is marked per default and = Veriabies: | options...
cannot be unchecked. The only thing o Serder (Gender] g 5o o
_ & aptitude Test 1 [Apt1) & Maths Test [Test_Score]
that can be selected is whether a one- & Bptitude Test 2 (Ap12) & Reading Test [Test2 S
tailed or a two-tailed independent o Apthuce Test 3 [aptz] (W & it Test [Test3_Sc...
& apttude Test aaptay| | 5

variable t-test shall be calculated. & Asiitude Test 5 [Api5]

ol Gsrade on Maih Test. ..

The one-tailed independent variable t- ill Gravte on Reading T

test is the right test if the directionality -l crarte on nirtin 7o |5
of the correlation is known tersilion Coeticierte
beforehand, for example when we o/l Pearson [C] Kendall's tau-b [7] Spearman

know that the true correlation
coefficient in the universe is positive.
If the directionality is not known the

Test of Significance

@ Twotalled 0 Oneailed

two-tailed independent variable t-test ¥/ Flag significant correlations
is the right test.

(Lo J (easte ] geset | [cancel] [ rep |

The SPSS Syntax for the independent variable t-test is in the subcommand /PRINT=TWOTAIL NOSIG,
where TWOTAIL indicates two-tailed t-test, and NOSIG that significant correlations are to be flagged.
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Correlations

Test_Score Test2_Score Test3_Score
Exam Exam Maths Test Reading Test Writing Test
Exam Exam Pearson Correlation 1 .810" .545™ 673"
Sig. (2-tailed) .000 .000 .000
N 107 107 107 107
Test Score Maths Test Pearson Correlation .810™ 1 582" 747"
Sig. (2-tailed) .000 .000 .000
N 107 107 107 107
Test2_Score Reading Pearson Correlation 545" 582" 645"
Test Sig. (2-tailed) .000 .000 .000
N 107 107 107
Test3_Score Writing Test Pearson Correlation 673" 747" 645 1
Sig. (2-tailed) .000 .000
N 107 107 107

**_Correlation is significant at the 0.01 level (2-tailed).

The result of the test is included in the correlation matrix in the rows where it says significance (2-
tailed). In this example resident population and murder rate are not correlated. The correlation
coefficient is relatively small and with a p=0.814 the null hypothesis of the independent variable t-test
cannot be rejected. Thus we assume that the coefficient is not different from zero in the universe the

sample was drawn from.

‘ Regression

In regression analysis the independent variable t-test can be switched on in the statistics dialog box of

the linear regression menu
Analyze/ Regression/ Linear...

) & Watn Test [
In the results of the analysis the & Resting Te
independent variable t-test shows & Witing Tes
. - &b Gender [G4
up in the table coefficients. & Avtitude Te
Remember that for overall model gﬁmm Te
. . . Aptitude Te
fit the F-Test (ANOVA) is used; it i
however tests only if all & Apttude Tel
. . @ Exam [Exan
regression coefficients are 2l oradoon
different from zero. ol Grads on R
. il Grade on'Wy
The SPSS syntax for generating r i)
the output related to the t-test of | 4l Performand
independence is included in the gp‘e"“mc
A Age |Age]
statistics subcommand of ol Final Exam

i Linear Regression: Statistics

Regression Coelficients
o Estimates
¥ [contidence itervals
Level(%6) fo5 |
| Covariance matrix
Residuals

Durkin-Wiatson
Casawize disgnostics

Q

o Model it
R squared changs
Descriptives
Part and partial correlations

Colinearity diagnostics

(contine ] | cancel || _we |

REGRESSION/STATISTICS COEFF
OUTS CI(95) R ANOVA

6]

(Beset ]| cancel [ Heio ]

2% Linear Regression 5|
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This will calculate the coefficients table that includes the t-test, otherwise only the F-Test for overall
significance of the model will be calculated (null hypothesis: all estimates are zero). And the table will
include the 95% confidence interval for the estimated coefficients and constants.

Coefficients?

Model Standardized
Unstandardized Coefficients Coefficients 95.0% Confidence Interval for B
B Std. Error Beta t Sig. Lower Bound Upper Bound
1 (Constant) 36.824 2.582 14.263 .000 31.704 41.943
$est2_Score Reading 795 108 582 7.337 .000 580 1.009
es

a. Dependent Variable: Test_Score Math Test

In this example the estimated linear regression equation is math test score = 36.824 + 0.795*reading
test score. The independent variable t-test shows that the regression constant bl = 36.824 is
significantly different from zero, and that the regression coefficient b0 = 0.795 is significantly different
from zero as well. The independent variable t-test can also be used to construct the confidence interval
of the coefficients—in this case the 95% confidence interval for the coefficient is [.580, .1.009].

! One-Way ANOVA

I What is the One-Way ANOVA?

ANOVA is short for ANalysis Of VAriance. The main purpose of an ANOVA is to test if two or more
groups differ from each other significantly in one or more characteristics.

For some statisticians the ANOVA doesn't end there - they assume a cause-effect relationship and say
that one or more independent, controlled variables (the factors) cause the significant difference of one
or more characteristics. The way this works is that the factors sort the data points into one of the
groups and therefore they cause the difference in the mean value of the groups.

Example: Let us claim that woman have on average longer hair than men. We find twenty
undergraduate students and measure the length of their hair. A conservative statistician would then
claim we measured the hair of ten female and ten male students, and that we conducted an analysis of
variance and found that the average hair of female undergraduate students is significantly longer than
the hair of their fellow male students.

A more aggressive statistician would claim that gender has a direct relation to the length of a person’s
hair. Most statisticians fall into the second category. It is generally assumed that the ANOVA is an
‘analysis of dependencies.’ It is referred to as such because it is a test to prove an assumed cause and
effect relationships. In more statistical terms it tests the effect of one or more independent variables on
one or more dependent variables. It assumes an effect of Y = f(x1, x2, x3, ... xn).

The ANOVA is a popular test; it is the test to use when conducting experiments. This is due to the fact
that it only requires a nominal scale for the independent variables - other multivariate tests (e.g.,
regression analysis) require a continuous-level scale. This following table shows the required scales for
some selected tests.
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Independent Variable

Metric Non-metric
metric Regression ANOVA
Dependent
Variable Non-metric Discriminant Analysis X2
(Chi-Square)

The F-test, the t-test,andtheMANOVAareallsimilartothe ANOVA. The F-test is another name for an
ANOVA that onlycomparesthestatisticalmeansintwogroups. This happens if the independent
variable for the ANOVAhasonlytwofactorsteps,forexample male or female as a gender.

The t-test comparesthemeansoftwo(andonlytwo)groups when the variances are not equal. The
equality of variances(alsocalledhomoscedasticityorhomogeneity) is one of the main assumptions of
the ANOVA (see assumptions,LeveneTest,BartlettTest). MANOVA stands for Multivariate Analysis of
Variance. WhereastheANOVAcanhaveoneormoreindependent variables, it always has only one
dependent variable.OntheotherhandtheMANOVAcanhave two or more dependent variables.

Examples for typicalquestionstheANOVAanswersareasfollows:

. Medicine-Doesadrugwork?Doestheaveragelife expectancy significantly differ between the

three groupsthatreceivedthedrugversustheestablished product versus the control?

0 Sociology-Arerichpeoplehappier?Dodifferentincome classes report a significantly different
satisfaction with life?
ManagementStudies-Whatmakesacompanymore profitable? A one, three or five-year

0 strategy cycle?

N The One-Way ANOVA in SPSS

Let's consider our research question from the Education studies example. Do the standardized math
test scores differ between students that passed the exam and students that failed the final exam? This
guestion indicates that our independent variable is the exam result (fail vs. pass) and our dependent
variable is the score from the math test. We must now check the assumptions.

First we examine the normality of the dependent variable. We can check graphically either with a

histogram (Analyze/Descriptive Statistics/Frequencies... and then in the menu Charts...) or with a Q-Q-

Plot (Analyze/Descriptive Statistics/Q-Q-Plot...). Both plots show a somewhat normal distribution, with a
skew to the right of the mean.
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Histogram
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Secondly, we can test for normality with the Kolmogorov-Smirnov goodness of fit test

(Analyze/Nonparacontinuous-level
Test/Legacy Dialogs/1 Sample K S...).
An alternative to the K-S test is the Chi-
Square goodness of fit test, but the K-S
test is more robust for continuous-level
variables.

The K-S test is not significant (p = 0.075)
thus we cannot reject the null
hypothesis that the sample distribution
is normal. The K-S test is one of the

few tests where a non-significant result
(p > 0.05) is the desired outcome.

One-Sample Kolmogorov-Smirnov Test

Test_Score

Math Test
N 107
Normal Parameters?® Mean 52.6916
Std. Deviation 17.85392
Most Extreme Differences  Absolute 124
Positive 124
Negative -.067
Kolmogorov-Smirnov Z 1.282
Asymp. Sig. (2-tailed) 075

a. Testdistribution is Normal.

b. Calculated from data.

If normality is not present, we could exclude the outliers to fix the problem or apply a non-linear

transformation to the variable creating an index, such as a log-transformation or square-root

transformation.

The ANOVA can be found in SPSS in Analyze/Compare Means/One Way ANOVA.

59



£ ‘Education Example.sav [DataSeti] - PASW Statistics Data Editor

In the ANOVA dialog we need to specify our
model. As described in the research question we
want to test,
dependent variable and the exam result is our
independent variable. This would be enough for
a basic analysis. But the dialog box has a couple
more options around Contrasts, post hoc tests
(also called multiple comparisons), and Options.

the math test score is our

Options

In the dialog box options we can specify
additional statistics. If you find it useful you
might include standard descriptive statistics.
Generally you should select the Homogeneity of
variance test (which is the Levene test of
homoscedasticity), because as we find in our
decision tree the outcome of this test is the

#5 One-way ANOVA

Dependent List

& Witing Test [Test3_..
&5 Gender [Gender]

& Aptiude Test 1 [Apti]
& apttude Test 2 [4pt2]
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&7 Reading Test [Test2... |
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[
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1 Test_Score  Mumen| Compare Means L I [ 8 = Right & Scale S Input |=
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criterion that decides between the t-test and the ANOVA when there is only two groups.

Post Hoc Tests

Post Hoc tests are useful if your
independent variable includes more
than two groups. In our example
the independent variable just
specifies the outcome of the final
exam on two factor levels — pass or
fail. If more than two factor levels
are given it might be useful to run
pairwise tests to test which
differences between groups are
significant. Because executing
several pairwise tests in one
analysis decreases the degrees of
freedom, the Bonferoni adjustment
should be selected, which

corrects for multiple pairwise
comparisons. Another test

method commonly employed is

the Student-Newman-Keuls test

(or short S-N-K), which pools the
groups that do not differ
significantly from each other.
Therefore this improves the
reliability of the post hoc
comparison because it increases
the sample size used in the
comparison.

i'ii One-Way ANOVA: Post Hoc Multiple Comparisons

LN =

isd
Bonferrani
Siclak
Schefte
R-E-G-WF

R-E-G-W @

__| Tamhane's T2

Equal Variances Assumed

Equal Variances Mot Assumed

Significance level,

| S-M-K | Wialler-Duncan
Tukey
Tukey's-b | Dunnett

| Duncan

| Hochberg's GT2 Test
Gabrigl @

| Dunnett's T3 || Games-Howell ||| Dunnett's C

[Continue][ Cancel ][ Help ]

§i8 One-Way ANOV,

il rivacls an hist

Contrasts

<7 \Writing Test [
&5 Gender [Gend
& aptitude Test
& nptitude Test
& aptitude Test
& aptitude Test
& Aptitude Test

¥ Reading Test 1

2

Contrast 1 of 1
*
Coefficients: I:I Ciptions...
Coefficient Total 0.000
*
Cancel

Cortinue Helga
The last dialog box is contrasts. Contrasts dre differances%m]n scores. ﬁa ows youlto grouw
multiple groups into one and test the average mean of the two groups against our third group. Please

note that the contrast is not always the mean of the pooled groups! Contrast = (mean first group + mean
second group)/2. It is only equal to the pooled mean, if the groups are of equal size. It is also possible
to specify weights for the contrasts, e.g., 0.7 for group 1 and 0.3 for group 2. We do not specify

contrasts for this demonstration.
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EThe Output of the One-Way ANOVA

The result consists of several tables. The first table is the Levene Test or the Test of Homogeneity of
Yarlances (Hom?sc.eda.s.tluty). The null hypothesis °f1teh§tL8¥f-Poen1T$§t(e'rS\éfi 3t,ec\)/?R}a‘\,‘,nr?g?“zggesequal. The test
in our example is significant with p = 0.000 < 0.05 thus we can reject the null hypothesis and cannot (!)
assume that the variances are equal betwedf®the358IH MR \B®htions. Technically this means that the

t-test with unequal variances is the right|test tewenwer ouf research qyestion. However, we progeed
with the ANOVA. Statistic df1 df2 Sig.

1 105 .
The next table presents the results of the ANQVA Mathemat cally the ANDVA splitsthe total variang

into explained variance (between groups) and unexplained variance (within groups), the variance is
defined as Var(x) = sum of squares(x) / degrees of freedom(x). The F-value, which is the critical test

value that we need for the ANOVA is defined as F = Varb / Varw .

The ANOVA's F-test of

ANOVA . .
significance results in p <
Test_Score Math Test
— 0.001. It tests the null

Sum of .

Squares df Mean Square F Sig. hypothesis that the mean
Between Groups 22178.402 1 22178.402 | 200.573 .000 scores are equal; which is
Within Groups 11610.420 105 110.575 the same as Saying that the
Total 33788.822 106 independent variable has

no influence on the dependent variable. We can reject the null hypothesis and state that we can
assume the mean scores to be different.

The last part of the output is the
ANOVA's Means Plot. The means 80007
plot shows the marginal means for

each group. If several factors are
included in the analysis the slope 70.007]
of the line between the marginal
means indicates which variable
has a stronger influence on the
dependent variable.

60.001]

Mean of Math Test

A possible write-up could be as
follows:

The ANOVA shows that a
significant difference between the
scores of the standardized Math
Test exist between students who

50.007]

40.00-

T
Fail Pass

Exam
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I passed and students who failed the final exam (p < 0.001).
I One-Way ANCOVA What is the One-Way ANCOVA?

ANCOVA is short for ANalysis of COVAriance. The analysis of covariance is a combination of an ANOVA
and a regression analysis.

In basic terms, the ANCOVA examines the influence of an independent variable on a dependent variable
while removing the effect of the covariate factor. ANCOVA first conducts a regression of the
independent variable (i.e., the covariate) on the dependent variable. The residuals (the unexplained
variance in the regression model) are then subject to an ANOVA. Thus the ANCOVA tests whether the
independent variable still influences the dependent variable after the influence of the covariate(s) has
been removed. The One-Way ANCOVA can include more than one covariate, and SPSS handles up to
ten. The ANCOVA model has more than one covariate it is possible to calculate the one-way ANCOVA
using contrasts just like in the ANOVA to identify the influence of each covariate.

The ANCOVA is most useful in that it (1) explains an ANOVA's within-group variance, and (2) controls
confounding factors. Firstly, as explained in the chapter on the ANOVA, the analysis of variance splits
the total variance of the dependent variable into:

1. Variance explained by the independent variable (also called between groups variance)

2. Unexplained variance (also called within group variance)

The ANCOVA looks at the unexplained variance and tries to explain some of it with the covariate(s).
Thus it increases the power of the ANOVA by explaining more variability in the model.

Note that just like in regression analysis and all linear models, over-fitting might occur. That is, the more
covariates you enter into the ANCOVA, the more variance it will explain, but the fewer degrees of
freedom the model has. Thus entering a weak covariate into the ANCOVA decreases the statistical
power of the analysis instead of increasing it.

Secondly, the ANCOVA eliminates the covariates effect on the relationship between independent and
dependent variable that is tested with an ANOVA. The concept is very similar to the partial correlation
analysis—technically it is a semi-partial regression and correlation.

The One-Way ANCOVA needs at least three variables. These variables are:

The independent variable, which groups the cases into two or more groups. The
independent variable has to be at least of nominal scale.
The dependent variable, which is influenced by the independent variable. It has to be of

continuous-level scale (interval or ratio data). Also, it needs to be homoscedastic and
normally distributed.

The covariate, or variable that moderates the impact of the independent on the dependent
variable. The covariate needs to be a continuous-level variable (interval or ratio data). The
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covariate can also be a dichotomous variable. The covariate is sometimes also called
confounding factor, or concomitant variable. The ANCOVA covariate is often a pre-test
value or a baseline.

Typical questions the ANCOVA answers are as follows:

[ Medicine - Does a drug work? Does the average life expectancy significantly differ between
the three groups that received the drug versus the established product versus the control?
This question can be answered with an ANOVA. The ANCOVA allows to additionally control
for covariates that might influence the outcome but have nothing to do with the drug, for

REATRIe BpliarsR oSy Gadskspking ASUiifs. Qidpe: Sociology - Are rich people

0 different satisfaction with life? This question can be answered with an ANOVA. Additionally
the ANCOVA controls for confounding factors that might influence satisfaction with life, for
example, marital status, job satisfaction, or social support system.
Management Studies - What makes a company more profitable? A one, three or five-year
strategy cycle? While an ANOVA answers the question above, the ANCOVA controls

[ additional moderating influences, for example company size, turnover, stock market indices.

N The One-Way ANCOVA in SPSS

The One-Way ANCOVA is part of the General Linear Models (GLM) in SPSS. The GLM procedures in SPSS
contain the ability to include 1-10 covariates into an ANOVA model. Without a covariate the GLM
procedure calculates the same results as the ANOVA. Furthermore the GLM procedure allows specifying
random factor models, which are not part of an ANCOVA design. The levels of measurement need to be
defined in SPSS in order for the GLM procedure to work correctly.

The research question for this example is as follows:

Is there a difference in the standardized math test scores between students who passed the
exam and students who failed the exam, when we control for reading abilities?

The One-Way ANCOVA can be found in Analyze/General Linear Model/Univariate...
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£if ‘Education Example.sav [DataSet1] - PASW Statistics Data Editor
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This opens the GLM dialog, which allows us
to specify any linear model. For a One-Way-
ANCOVA we need to add the independent
variable (the factor Exam) to the list of fixed
factors. [Remember that the factor is fixed, if
it is deliberately manipulated and not just
randomly drawn from a population. In our
ANCOVA example this is the case. This also
makes the ANCOVA the model of choice
when analyzing semi-partial correlations in
an experiment, instead of the partial
correlation analysis which requires random
data.]

The Dependent Variable is the Students'

£28 Univariate

math test score, and the covariate is the reading score.

In the dialog boxes Model, Contrasts, and Plots we leave all settings on the default. The field post hocs is

Dependent Variable:

& viting TestTest_. [<] ¥ | Math Test [Test_Score) |
gomeimn B peros
& nptiude Test 2 (apt2) Wl | db Ean x|
ﬁ Aptiude Test 3 [Apt3]

Apttude Test 4 [Lptd]
f Apitude Test 5 [apts) Random Faclar(s):
ol Grade on Math Test..

' -

{l Gratle on Reading T...
4l Grade onwiting Te...
ol Pertormance on Ma_.. Covariate(s). _
{l Performance on Re... & Reading Test [Test2 S...|
{I Parformance on Wi,
& Agelage]

Final Exam Score [F... WALS Wiight:
,{l bicl-term Exam 1 [E... [T r I

Lok J (este ] (eset ] (cancel | tee |

IE B

disabled when one or more covariates are entered into the analysis. If it is of interest, for the factor
level that has the biggest influence a contrast can be added to the analysis. If we want to compare all
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groups against a specific group, we need to select Simple as the contrast method. We also need to
specify if the first or last group should be the groug bl

. 48 Univarate: Options
example we want to compare all groups against [the ClaooT00
Exam (Simple) first.

Disploy Méans for:

In the dialog Options... we can specify G A |
whether to display additional statistics (e.g., E ]
descriptive statistics, parameter estimates, I
and homogeneity tests), and which level of ¥ Compars maln offects
significance we need. This dialog also allows i_:;:in:‘”;imm'ms"“’z )
us to add post hoc procedures to theone-way ({ ~— — =1}
ANCOVA. We can choose between b
Bonferroni, LSD and Sidak adjustments for e B Eomeosraty wes
multiple comparisons of the covariates. The s Gt Sl
post hoc tests will compare the groups while ks mv_w g
controlling for the covariates. ::::E::r:mm ;::::I‘:mm ——
=1 Sunificance levet Confidence intervals are 35.0% =
(Gontinue ) [ cancel | (_ Hew ]

IThe Output of the One-Way ANCOVA

Once again we find that the output of the one-way ANCOVA is quite straightforward. The first table of
interest includes the Levene-Test. The null

hypothesis of the Levene test is that all Levene's Test of Equality of Error
variances are equal with variations across Variances®
the factor levels. In our example however, Dependent Variable:Test_Score Math Test
the Levene test for homoscedasticity is = df1 df2 Sig
highly significant, thus we must reject the

. 20.473 1 105 .000
null hypothesis and we cannot assume that

the variances are equal. Strictly speaking, Tests the null hypothesis that the error
this violates the ANOVA assumption. variance of the dependent variable is equal

i ] across groups.
Regardless, we proceed with the analysis. .
a. Design: Intercept + Test2_Score +

The second table includes the ANCOVA Exam
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results. Note that the total sum of Type Ill squares is the same as in the regular ANOVA model for the
same dependent and independent variable. The ANCOVA just modifies how the variance is explained.

Tests of Between-Subjects Effects

Dependent Variable:Test _Score Math Test

Source Type Il Sum Noncent. Observed
of Squares df Mean Square F Sig. Parameter Power®

Corrected Model 23129.6432 2 11564.822 | 112.836 .000 225.672 1.000

Intercept 54237.237 1 54237.237 | 529.185 .000 529.185 1.000

Test2_Score 951.241 1 951.241 9.281 .003 9.281 .855

Exam 11678.362 1 11678.362 | 113.944 .000 113.944 1.000

Error 10659.179 104 102.492

Total 330864.000 107

Corrected Total 33788.822 106

a. R Squared = .685 (Adjusted R Squared = .678)
b. Computed using alpha = .05

The results show that the covariate and the independent variable are both significant to the ANCOVA
model. The next table shows the estimates for the marginal means. These are the group differences in
the dependent variable after the effect of the covariate has been accounted for.

. In our example the
Estimates

average math test

Dependent Variable:Test_Score Math Test score is lower for

Exam 95% Confidence Interval students who failed the
Mean Std. Error | Lower Bound | Upper Bound final exam than for the
00 Fail 42.479° 1.369 39.765 45193 | Studentswho passed

after the influence of

1.00 Pass 67.892° 1.728 64.465 71.318 the covariate (reading
a. Covariates appearing in the model are evaluated at the test score) has been
following values: Test2_Score Reading Test= 19.97. extracted.

The last table is the Univariate Test, which is the ANOVA test of the difference of the estimated marginal
means.

67



Univariate Tests

Dependent Variable:Test_Score Math Test

Sum of Noncent. Observed

Squares df Mean Square F Sig. Parameter Power?
Contrast 11678.362 1 11678.362 | 113.944 .000 113.944 1.000
Error 10659.179 104 102.492

The F tests the effect of Exam. This testis based on the linearlyindependent pairwise comparisons among the
estimated marginal means.

a. Computed using alpha = .05

A sample write-up of the ANCOVA could be as follows:

The analysis of covariance was used to investigate the hypothesis that the observed difference in
mean scores of the standardized math test is caused by differences in reading ability as
measured by the standardized reading test. The ANCOVA, however, found that the marginal
means of both the students who failed the exam and the students who passed the exam are

highly significant (F = 113.944, p < 0.001)—that is, after the effect of the reading score has been
accounted for.

IFactoriaI ANOVA

IWhat is the Factorial ANOVA?

ANOVA is short for ANalysis Of VAriance. As discussed in the chapter on the one-way ANOVA the main
purpose of a one-way ANOVA is to test if two or more groups differ from each other significantly in one
or more characteristics. A factorial ANOVA compares means across two or more independent variables.
Again, a one-way ANOVA has one independent variable that splits the sample into two or more groups,
whereas the factorial ANOVA has two or more independent variables that split the sample in four or
more groups. The simplest case of a factorial ANOVA uses two binary variables as independent
variables, thus creating four groups within the sample.

For some statisticians, the factorial ANOVA doesn't only compare differences but also assumes a cause-

effect relationship; this infers that one or more independent, controlled variables (the factors) cause the
significant difference of one or more characteristics. The way this works is that the factors sort the data
points into one of the groups, causing the difference in the mean value of the groups.
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Example: Let us claim that blonde women have on average longer hair than brunette women as well as
men of all hair colors. We find 100 undergraduate students and measure the length of their hair. A
conservative statistician would then state that

we measured the hair of 50 female (25 Independent Variables

blondes, 25 brunettes) and 25 male students,

1 2+
and we conducted an analysis of variance and One-way ANOVA | Factorial
found that the average hair of blonde female | Dependent 1 ANOVA
undergraduate students was significantly Variables Factorial
longer than the hair of their fellow students. 2+ MANOVA MANOVA

A more aggressive statistician would claim
that gender and hair color have a direct

influence on the length of a person’s hair.

It is generally assumed that the factorial ANOVA is an ‘analysis of dependencies.’ It is referred to as such
because it tests to prove an assumed cause-effect relationship between the two or more independent
variables and the dependent variables. In more statistical terms it tests the effect of one or more
independent variables on one dependent variable. It assumes an effect of Y = f(x1, x2, x3, ... xn).

The factorial ANOVA is closely related to both the one-way ANOVA (which we already discussed) and the
MANOVA (Multivariate ANalysis Of VAriance). Whereas the factorial ANOVAs can have one or more
independent variables, the one-way ANOVA always has only one dependent variable. On the other
hand, the MANOVA can have two or more dependent variables.

The table helps to quickly identify the right Analysis of Variance to choose in different scenarios. The
factorial ANOVA should be used when the research question asks for the influence of two or more
independent variables on one dependent variable.

Examples of typical questions that are answered by the ANOVA are as follows:

Medicine - Does a drug work? Does the average life expectancy differ significantly between
the 3 groups x 2 groups that got the drug versus the established product versus the control

§89i<§?6g§/hi§|?edﬁéﬁ E%@&%?&?H‘é‘i‘ﬁ%ﬁ% country side happier? Do different income classes

U report a significantly different satisfaction with life also comparing for living in urban versus

RHS’HéESH%%E%‘Pu%%‘—aW%%@h brands from the BCG matrix have a higher customer loyalty?
The BCG matrix measures brands in a brand portfolio with their business growth rate (high

] Versus low) and their market share (high versus low). To which brand are customers more
loyal — stars, cash cows, dogs, or question marks?

EThe Factorial ANOVA in SPSS

Our research question for the Factorial ANOVA in SPSS is as follows:

69



Do gender and passing the exam have an influence how well a student scored on the
standardized math test?

This question indicates that the dependent variable is the score achieved on the standardized math tests
and the two independent variables are gender and the outcome of the final exam (pass or fail).

The factorial ANOVA is part of the SPSS GLM procedures, which are found in the menu Analyze/General
Linear Model/Univariate.

£ ‘Education Exarmple. sav [DataSeti] - PASW Statistics Data Editor
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2 Test2_Score Nume-i! Gerrral Linear Model b B urivoriate one 5 3 Right & Scale M Input
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848 Univariate

In the GLM procedure dialog we specify our

full-factorial model. Dependent variable is Dependert Varisble:
. . e »
Math Test with Independent variables €7 Apttude Test 5 [AptS] S L & Metn Test [Test,Score]
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two levels. The factorial ANOVA tests the null hypothesis that all means are the same. Thus the ANOVA
itself does not tell which of the means in our design are different, or if indeed they are different. In
order to do this, post hoc tests would be needed. If you want to include post hocs a good test to use is
the Student-Newman-Keuls test (or short S-N-K). The SNK pools the groups that do not differ
significantly from each other. Therefore it improves the reliability of the post hoc comparison by
increasing the sample size used in the comparison. Another advantage is that it is simple to interpret.

l_! §58 Univariate: Options

fﬂ Univariaie: Posi Hoe Mulliple Compar isens for Ob...
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The Options dialog allows us to add descriptive statistics, the Levene Test and the practical significance
(estimated effect size) to the output and also the mean comparisons.

The Contrast dialog in the GLM procedure model us to group multiple groups into one and test the
average mean of the two groups against our third group. Please note that the contrast is not always the
mean of the pooled groups! Contrast = (mean first group + mean second group)/2. It is only equal to the
pooled mean if the groups are of equal size. In our example we do without contrasts.

And finally the dialog Plots... allows us to add profile plots for the main and interaction effects to our
factorial ANOVA.

IThe Output of the Factorial ANOVA

The first table that is relevant is the result of the
Levene Test of homogeneity of variances. In the
case of a factorial ANOVA, the Levene Test
technically tests for the homogeneity of the error ~ Dependent Variable:Test_Score Math Test
variances and not the variances itself. The error F df1 df2 Sig.
variances is the variability in the error in 6.594 3 103 000
measurement along the scale for all subgroups.
As we can see the test is significant (p <.001) and

Levene's Test of Equality of Error
Variances?

Tests the null hypothesis that the error
variance of the dependent variable is equal
across groups.

a. Design: Intercept + Exam + Gender +
Exam * Gender 71



thus we can reject the null hypothesis that the error variance is homogenous. Although this violates the
ANOVA assumption, we proceed with the test.

The next table shows the results of the factorial ANOVA. The ANOVA splits the total variance (Type IlI

Sum of Squares) into explained variance (between groups) and unexplained variance (within groups),

where the variance is Var = sum of squares / df. The F-value is then the F = Varb / Varw. The variance is

split into explained and unexplained parts for the main effects of each factor and for the interaction
effect of the factors in the analysis.

Dependent Variable:Test Score Math Test

Tests of Between-Subjects Effects

Source Type Il Sum

of Squares

df

Mean Square

F

Sig.

Partial Eta
Squared

Noncent.
Parameter

Observed
Power®

22258.928°
243922.354
16985.565
75.018

A72
11529.894
330864.000
33788.822

Corrected Model
Intercept

Exam

Gender

Exam * Gender
Error

Total

Corrected Total

3
1
1
1
1
103

107
106

7419.643
243922.354
16985.565
75.018

72
111.941

66.282
2179.031
161.737
670

.002

.000
.000
.000
415
969

659
955
596
.006
.000

198.846
2179.031
161.737
670

.002

1.000
1.000
1.000
128
.050

a.R Squared = .659 (Adjusted R Squared =

b. Computed using alpha = .05

In our example the factorial

ANOVA shows that the

outcome of the final exam
(pass vs. fail) has a significant

influence on the score

achieved on the standardized

math test (p < 0.001), but
gender (p = .415) and the

interaction between gender

and exam (p =.969) do not.

The factorial ANOVA's F-test
tests the null hypothesis that

the mean scores are equal;
which is the same as saying
that there is no effect on the
dependent variable.

649)
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Gendef
Exam

If both effects are significant, a marginal means plot is used to illustrate the different effect sizes. While

the tables are hard to read quickly charting them in Excel helps to understand the effect sizes of our
factorial ANOVA. The slope of the line of the factor Exam is steeper than the slope of the factor Gender,
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thus in our factorial ANOVA model exam has a larger impact than gender on the dependent variable
math score.

In summary, we can conclude:

The factorial ANOVA shows that a significant difference exists between the average math scores
achieved by students who passed the exam and students who failed the final exam. However

there is no significant difference between gender or the interaction effect of gender and outcome
of the final exam.

! Factorial ANCOVA

IWhat is the Factorial ANCOVA?

ANCOVA is short for ANalysis of COVAriance. The factorial analysis of covariance is a combination of a
factorial ANOVA and a regression analysis.

In basic terms, the ANCOVA looks at the influence of two or more independent variables on a
dependent variable while removing the effect of the covariate factor. ANCOVA first conducts a
regression of the independent variables (the covariate) on the dependent variable. The residuals (the
unexplained variance in the regression model) are then subject to an ANOVA. Thus the ANCOVA tests
whether the independent variables still influence the dependent variable after the influence of the
covariate(s) has been removed.

The factorial ANCOVA includes more than one independent variable and the factorial ANCOVA can
include more than one covariate--SPSS handles up to ten. If the ANCOVA model has more than one
covariate it is possible to run the factorial ANCOVA with contrasts and post hoc tests just like the one-
way ANCOVA or the ANOVA to identify the influence of each covariate.

The factorial ANCOVA is most useful in two ways: 1) it explains a factorial ANOVA's within-group

variance, and 2) it controls confounding factors.

First, the analysis of variance splits the total variance of the dependent variable into:

Variance explained by each of the independent variables (also called between-groups
variance of the main effect)

Variance explained by all of the independent variables together (also called the interaction
effect)

Unexplained variance (also called within-group variance)

The factorial ANCOVA looks at the unexplained variance and tries to explain some of it with the
covariate(s). Thus it increases the power of the factorial ANOVA by explaining more variability in the
model. [Note that just like in regression analysis and all linear models, over-fitting might occur. That is,
the more covariates you enter into the factorial ANCOVA the more variance it will explain, but the fewer
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degrees of freedom the model has. Thus entering a weak covariate into the factorial ANCOVA decreases
the statistical power of the analysis instead of increasing it.]

Secondly, the factorial ANCOVA eliminates the covariates effect on the relationship between

independent variables and the dependent variable which is tested with a factorial ANOVA. The concept
is very similar to the partial correlation analysis. Technically it is a semi-partial regression and

correlation.

The factorial ANCOVA needs at least four variables (the simplest case with two factors is called two-way

ANCOVA):

Two or more independent variables, which group the cases into four or more groups. The
independent variable has to be at least of nominal scale.
The dependent variable, which is influenced by the independent variable. It has to be of

continuous-level scale (interval or ratio data). Also, it needs to be homoscedastic and
multivariate normal

The covariate, also referred to as the confounding factor, or concomitant variable, is the
variable that moderates the impact of the independent on the dependent variable. The
covariate needs to be a continuous-level variable (interval or ratio data). The ANCOVA
covariate is often a pre-test value or a baseline.

Typical questions the factorial ANCOVA answers are as follows:

O

Medicine - Does a drug work? Does the average life expectancy significantly differ between
the three groups that received the drug versus the established product versus the control
and accounting for the dose (high/low)? This question can be answered with a factorial
ANOVA. The factorial ANCOVA allows additional control of covariates that might influence
the outcome but have nothing to do with the drug, for example healthiness of lifestyle, risk
taking activities, age.

Sociology - Are rich people living in the countryside happier? Do different income classes
report a significantly different satisfaction with life when looking where they live (urban,
suburban, rural)? This question can be answered with a factorial ANOVA. Additionally the
factorial ANCOVA controls for confounding factors that might influence satisfaction with life,

Rn%né‘é%%h%%&é??Wﬁﬁ%fﬁ%tﬂs’ﬂdé%b%sﬂ@ﬁgé}%‘%ﬂk have a higher customer loyalty?

The BCG matrix measures brands in a brand portfolio with their business growth rate
(high/low) and their market share (high/ low). A factorial ANOVA answers the question to
which brand are customers more loyal — stars, cash cows, dogs, or question marks? And a
factorial ANCOVA can control for confounding factors, like satisfaction with the brand or
appeal to the customer.

iThe Factorial ANCOVA in SPSS

The Factorial ANCOVA is part of the General Linear Models in SPSS. The GLM procedures in SPSS contain
the ability to include 1-10 covariates into an ANCOVA model. Without a covariate the GLM procedure
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calculates the same results as the Factorial ANOVA. The levels of measurement need to be defined in
SPSS in order for the GLM procedure to work correctly.

We return to the research question from the chapter on the factorial ANOVA. This time we want to

know if gender and the outcome of the final exam (pass /fail) have an influence on the math score when
we control for the reading ability as measured by the score of the standardized reading test.

The Factorial ANCOVA can be found in Analyze/General Linear Model/Univariate...
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This opens the GLM dialog, which allows
us to specify any linear model. To
answer our research question we need
to add the independent variables (Exam
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the partial correlation analysis with requires random data.]

The Dependent Variable is the Math Test, and the
Covariate is the Reading Test.

In the dialog box Model... we leave all settings on the
default. The default for all GLM (including the Factorial
ANCOVA) is the full factorial model. The field post hocs
is disabled when one or more covariates are entered
into the analysis. If we want to include a group
comparison into our factorial ANCOVA we can add

contrast to the analysis. If we want to compare all groups agdifiét=ats 5&ific
group we need to select Simple as the Contrast Method, and Weeaise feedto gpecify which
the first or the last) should be compared against all other groups. However, since in this example bofh
of our fixed factors only have two factor levels (male/female and pﬁ‘?_ﬂ}[\l\)@%'r’]&t l*‘@iﬂlv]need

ﬁ Uniwariate: Contrasts i
Factors:
| Exami{Simple)
| Gender(Simple)
Change Contrast
vl-\. : H
greup|(efther

contrasts to answer the research question.

IThe Output of the Factorial ANCOVA

The first table shows the Levene test for the equality
(homoscedasticity) of error variances. The Levene
test (null hypothesis= the error variances are equal) is

Levene's Test of Equality of Error
Variances?

Dependent Variable:Test Score Math Test

significant, thus we can reject the null hypothesis and

F

df1

df2

Sig.

must assume that the error variances are not

6.947

3

103

.000

homogenous. This violates the assumption of the
ANOVA. Normally you would need to stop here,
however for our purposes we will dutifully note this
this in our findings and proceed with the analysis.

Tests the null hypothesis that the error
variance of the dependent variable is equal
across groups.

a. Design: Intercept + Test2_Score +

Exam + Gender + Exam * Gender

The next table shows the Factorial ANCOVA results. The goodness of fit of the model indicates that the
covariate reading test score (p = 0.002) and the direct effects of exam (p<0.001) are significant, while
neither the direct effect of gender (p = 0.274) nor the interaction effect gender * exam (p = 0.776) are

significant.
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Tests of Between-Subjects Effects
Dependent Variable:Test_Score Math Test

Source Type Il Sum Partial Eta Noncent. Observed
of Squares df Mean Square F Sig. Squared Parameter Power®
Corrected Model 23254.668° 4 5813.667 56.293 .000 .688 225.170 1.000
Intercept 47501.253 1 47501.253 459.945 .000 .818 459.945 1.000
Test2_Score 995.740 1 995.740 9.642 .002 .086 9.642 .868
Exam 8876.780 1 8876.780 85.952 .000 457 85.952 1.000
Gender 124.670 1 124.670 1.207 274 .012 1.207 193
Exam * Gender 8.393 1 8.393 .081 776 .001 .081 .059
Error 10534.154 102 103.276
Total 330864.000 107
Corrected Total 33788.822 106

a. R Squared = .688 (Adjusted R Squared = .676)
b. Computed using alpha = .05

Thepractical significance of each of the variables in our factorial ANCOVA model is displayed as Partial
EtaSquared, which is the partial variance explained by that variable. Eta squared ranges from 0 to 1,
where 0 indicates no explanatory power and 1 indicates perfect explanatory power. Eta square is useful
tocompare the power of different variables, especially when designing experiments or questionnaires.
Itisuseful to include variables on the basis of the Eta-Square Analysis.

Inour example we see that the two non-significant effects, gender and gender * exam, have a very small
eta(< 0.01). Between the two significant effects (the covariate and the outcome of the exam), the exam
hasa higher explanatory power than the test2 reading score.

Theeffect size or the power of each

variable can also be seen in a partial SE EEE

means plot of a factorial ANCOVA. The 35: 859 -

factor with the steeper slope between 10:888 . _7/_ .

factor levels typically has the higher

explanatory power and thus the higher ~ = = 'Gender

Exam

impact on the dependent variable. In our

example we find that the outcome of the

final exam (pass versus fail) has the bigger
effect on the average score achieved in

our standardized math test. '

In summary, we can conclude:

The factorial ANCOVA shows that a significant difference exists between the average math
scores achieved by students who passed the exam and students who failed the final exam when
controlling for the reading ability as measured by the score achieved in the standardized reading
test. However there is no significant difference between gender or the interaction effect of
gender and outcome of the final exam.

FOne-Way MANOVA
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IWhat is the One-Way MANOVA?

MANOVA is short for Multivariate ANalysis Of VAriance. The main purpose of a one-way ANOVA is to test
if two or more groups differ from each other significantly in one or more characteristics. A factorial
ANOVA compares means across two or more variables. Again, a one-way ANOVA has one independent
variable that splits the sample into two or more groups whereas the factorial ANOVA has two or more
independent variables that split the sample in four or more groups. A MANOVA now has two or more
independent variables and two or more dependent variables.

For some statisticians the MANOVA doesn't only compare differences in mean scores between multiple
groups but also assumes a cause effect relationship whereby one or more independent, controlled
variables (the factors) cause the significant difference of one or more characteristics. The factors sort
the data points into one of the groups causing the difference in the mean value of the groups.

Example:

A research team wants to test the user acceptance with a new online travel booking tool. The
team conducts a study where they assign 30 randomly chosen people into 3 groups. The first
group needs to book their travel through an automated online-portal; the second group books
over the phone via a hotline; the third group sends a request via the online-portal and receives a
call back. The team measures user acceptance as the behavioral intention to use the system,
they do measure the latent construct behavioral intention with 3 variables — ease of use,
perceived usefulness, effort to use.

In the example, some statisticiansarguethattheMANOVA can only find the differences in the behavioral
intention to use the system.However,somestatisticians argue that you can establish a causal relationship
between the channeltheyusedandthe behavioral intention for future use. It is generally assumed that the
MANOVAisan‘analysisofdependencies’. It is referred to as such because it proves an assumed cause-effect
relationshipbetweenone or more independent variables and two or more dependent variables. In
morestatisticalterms,ittests the effect of one or more independent variables on two or more
dependentvariables.

Other things you may want to try

When faced with a question similartotheoneinourexample you could also try to run factorial
ANOVAs, testing the influence of thethreeindependentgroups (the three channels) on each of the
three dependent variables (ease ofuse,perceivedusefulness, effort to use) individually. However
running multiple factorial ANOVAsdoesnotaccountforthe full variability in all three dependent
variables and thus the test has lesserpowerthantheMANOVA.

Another thing you might want to tryisrunningafactoranalysis on the three dependent variables and

then running a factorial ANOVA. Thefactoranalysisreduces the variance within the three dependent
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variables to one factor, thus this procedure does have lesser power than the MANOVA.

Athird approach would be to conduct a discriminant analysis and switch the dependent and
independent variables. That is the discriminant analysis uses the three groups (online, phone, call back)
asthe dependent variable and identifies the significantly discriminating variables from the list of
continuous-level variables (ease of use, perceived usefulness, effort to use).

Mathematically, the MANOVA is fully equivalent to the discriminant analysis. The difference consists of
a switching of the independent and dependent variables. Both the MANOVA and the discriminant
analysis are a series of canonical regressions. The MANOVA is therefore the best test use when
conducting experiments with latent variables. This is due to the fact that it only requires a nominal scale
for the independent variables which typically represent the treatment. This includes multiple
continuous-level independent variables — which typically measure one latent (not directly observable)
construct.

The MANOVA is much like the one-way ANOVA and the factorial ANOVA in that the one-way ANOVA has
exactly one independent and one dependent variable. The factorial ANOVAs can have one or more
independent variables but always has only one dependent variable. On the other hand the MANOVA
can have two or more dependent variables.

The following table helps to quickly identify the right analysis of variance to choose in different
scenarios.
Examples of typical questions that are

answered by the MANOVA are as follows:

_?pqpqngent Variables
aClullal

Anova
Medicine - Does a drug work? Dependent | 1| Factorial
Does the average life el UANOZHAANOVA
expectancy, perceived pain, and 2+
level of side-effects significantly MANOVA

differ between the three experimental groups that got the drug versus the established
product, versus the control—and within each of the groups two subgroups for a high dose

gSE?HF‘o%\I/Q\%geOPﬁ% people living in the country side happier? Do they enjoy their lives more
O and have a more positive outlook on their futures? Do different income classes report a
significantly different satisfaction, enjoyment and outlook on their lives? Does the area in
which they live (suburbia/city/rural) affect their happiness and positive outlook?
Management Studies — Which brands from the BCG matrix do have a higher customer
loyalty, brand appeal, customer satisfaction? The BCG matrix measures brands in a brand
portfolio with their business growth rate (high/low) and their market share (high/low). To
which brand are customers more loyal, more attracted, and more satisfied with? Stars, cash
cows, dogs, or question marks?

¥ The One-Way MANOVA in SPSS
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Our research question for the one-way MANOVA in SPSS is as follows:

Do gender and the outcome of the final exam influence the standardized test scores of math,

reading, and writing?

The research question indicates that this analysis has multiple independent variables (exam and gender)

and multiple dependent variables (math, reading, and writing test scores). We will skip the check for
multivariate normality of the dependent variables; the sample we are going to look at has some

violations of the assumption set forth by the MANOVA.

The MANOVA can be found in SPSS in Analyze/General Linear Model/Multivariate..., which opens the

dialog for multivariate GLM procedure (that is GLM with more than one dependent variable). The

multivariate GLM model is used to specify the MANOVAs.

= ki
g2t Multivariate

& Aptiude Test 1 [apt]|<
& Apttude Test 2 [Apt2]
& apttude Test 3 [Apt3]
& aptiude Test 4 [Aptd]
& Apttude Test 5 [45]
ol Grade on Math Test...
dj Grade on Reading T_..
ol Grade onvwiting Te...
{I Performance on Ma..,
;[l Performance on Re...
,{I Performance on Wi...
& age [Age] -
ol Final Exam Score [F...
ol v erm Exam 1 [E..

il pict-term Exam 4 [E...
,{! Micl-term Exam S [E... [= b

Dependent Variables:

%if ‘Education Example.zav [DataSet1) - PASW Statistics Data Editor

& Malh Test [Test_Sc... |~
& Reading Test [Test2...|
£ Wirting Test [Test3_..

Fixed Facton(s)

@ Gender [Gender]
& Exam [Exam]

Covariste(s)

WALS Wieight:

(Lo ) (aste | [ Reset | cancel | ten |

file Edt Miew Data Transtorm  Anslyze Graphs  Lbities  Addons  Window  Help

= j L = Repors r B B
——j H [‘-=3 T ngz:mm Statistics ¥ gﬂ E E‘;
Mame Ty Tables L Label N
1 Test_Score  Mumeri Compare Means b jth Test Mone

2 Test2_Score  Mumeri General Linear Model b Univariste...

3 Testd_Score  Numeri Generalized Lingar Models  * B mosvarite...

4 nder Blumeri Wied Modeis: }
g f:11d5 N:m:ri Correlste r Bl pepooted Messure
B Apt2 Murmneri Regression | T
7 Apt3 Numerij ~ Losinesr P litude Test 3 None
g Aptd Murneri C_L”Si!"’ _ " litude Test 4 Mone
g Apts Humeri Ec“im Feton : itude Test & None
10 Exam Murmeri Ho;omm et < am .0, F;:
1 Gradel Numeri 5 2 hde on Math ... {1.00,
12 | Grade2 amer * Ldo on Readi... 1,00,
Suryival 3

13 Grade3 MNumeri Multole Responss - pde on Writin... {1.00,
14 Goodi Mumeri [ Missing Vahss Anelysis... ormance on... {.0, N
15 Good2 Mumeri Multole knputalion ’ rformance on... {0 N
16 . Good3 Humeri Comeies: Sanics y [Mormance on... {0, N
il | Age HNumeri Gualty Control ] None
18 Final_gxam  MNumeri RO-C Curye... al Exam Sc... (1.00,
19 Exi Humeri Pt f-term Exam 1 {1.00,
20 Exd Mumari — tarm Exam 4 {1.00,
21 Ex5 Humeric 3 2 Mid-term Exam 5 {1.00,
2 Ex2 Mumearic g 2 Mid-term Exam 2 {1.00,
23 Ex3 MNumeric g 2 Mid-term Exam 3 ({1.00,
24 Treatment Rumeric g 2 Teaching Meth,.. {1.00,
25 Gift MNumeric g 2 Gifi chogen by .. {1.00,
i ii--. — e S ———— —ee — —

To answer our research question we
need to specify a full-factorial model
that includes the test scores for math,
reading, and writing as dependent
variable. Plus the independent

80



variables gender and exam, which represent a fixed factor in our research design.

The dialog box Post Hoc tests is used to conduct a separate comparison between factor levels, this is

useful if the MANOVA includes factors have more than two factor levels. In our case we select two

factors and each has only two factor levels (male/female and pass/fail). The MANOVA's F-test will test
the null hypothesis that all means are the same. It does not indicate which of the means in our design

are different. In order to find this information, post hoc tests need to be conducted as part of our
MANOVA. In order to compare different groups (i.e., factor levels) we select the Student-Newman-Keuls

test (or short S-N-K), which pools the groups that do not differ significantly from each other, thereby

improving the reliability of the post hoc comparison by increasing the sample size used in the

comparison. Additionally, it is simple to interpret.

The Options... Dialog allows us to add descriptive
statistics, the Levene Test and the practical
significance to the output. Also we might want

£:8 Multivariate: Options

Estimated Marginal Means

. . Fat Fact: clions:
to add the pairwise t-tests to compare the ﬂ 2charls) o Foctss bsrachons

({OVERALL)

marginal means of the main and interaction Gender
. . Exam

effects. The Bonferroni adjustment corrects the i SO
degrees of freedom to account for multiple
pairwise tests.
The Contrast... dialog in the GLM procedure
model gives us the option to group multiple -

Splay

groups into one and test the average mean of
. 3 Descriglive statistics
the two groups against our third group. Please v

Estimates of affact size
note that the contrast is not always the mean of
Chzerved power
the pooled groups! Because Contrast = (mean
. . Parameter estimates
first group + mean second group)/2. It is only
SSCP matrices

equal to the pooled mean if the groups are of
Residial SSCP marix

equal size. In our example we do without

Dizplay Means for:
Gender

Exam
Gender'Exam

| Compare main effects

Confidence interval acjustment
Banterroni x|

Transtormation matrix

[Homogeneity tests!

Spread vs, lavel plot

Residual plot

Lack of fit

Genaral estimable function

contrasts. Sigrificance levet |05 | Confidence intervals are 95.0%

Lastly the Plots... dialog allows us to add profile plotd for the main dndiniéractidn effedts to our

MANOVA. However it is easier to create the marginal means plots that are typicaly reported in

academic journals in Excel.

N The Output of the One-Way MANOVA

The first relevant table for our One-Way MANOVA is Box's M Test of
equality of covariance matrices. For the dependent variables, the
MANOVA requires the covariances to be homogenous in all dependent
variables. The Box Test does not confirm this since we have to reject

Box's Test of
Equality of
Covariance
Matrices?

Boxs M 45.951

F
df1
df2
Sig.

2.356

18
5751.928
.001
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the null hypothesis that the observed covariance matrices are equal (p =.001).

The next table shows the overall model tests of significance. Although Wilk's Lambda is typically used to
measure the overall goodness of fit of the model, SPSS computes other measures as well. In our
example we see that exam has a significant influence on the dependent variables, while neither gender
nor the interaction effect of gender * exam have a significant influence on the dependent variables.

Multivariate Tests®

Effect Partial Eta
Value F Hypothesis df Error df Sig. Squared
Intercept Pillai's Trace 956 | 729.7392 3.000 | 101.000 .000 .956
Wilks' Lambda 044 | 729.7392 3.000 | 101.000 .000 .956
Hotelling's Trace 21.675 | 729.739°2 3.000 101.000 .000 .956
Roy's Largest Root 21.675 | 729.7392 3.000 | 101.000 .000 .956
Gender Pillai's Trace .037 1.2832 3.000 | 101.000 284 .037
Wilks' Lambda 963 1.2832 3.000 | 101.000 284 .037
Hotelling's Trace .038 1.2832 3.000 | 101.000 284 .037
Roy's Largest Root .038 1.2832 3.000 | 101.000 284 .037
Exam Pillai's Trace 617 54.1842 3.000 | 101.000 .000 617
Wilks' Lambda .383 54.1842 3.000 | 101.000 .000 617
Hotelling's Trace 1.609 54.1842 3.000 | 101.000 .000 617
Roy's Largest Root 1.609 54.1842 3.000 | 101.000 .000 617
Gender * Exam  Pillai's Trace .018 6092 3.000 101.000 611 .018
Wilks' Lambda 982 6092 3.000 | 101.000 611 .018
Hotelling's Trace 018 6092 3.000 | 101.000 611 .018
Roy's Largest Root 018 6092 3.000 | 101.000 611 .018

a. Exact statistic

b. Design: Intercept + Gender + Exam + Gender * Exam

The next table is the result of the Levene Test of homogeneity of error variances. In the case of a
MANOVA the Levene Test technically tests for the homogeneity of the error variances, that is, the
variability in the error in measurement along the scale. As we can see the test is not significant for two
of the three dependent variables (p=.000,.945, and.524). Therefore we cannot reject the null
hypothesis that the error variance is homogenous for only reading and writing.
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Levene's Test of Equality of Error Variances?

F df1 df2 Sig.
Test_Score Math Test 6.594 103 .000
Test2_Score Reading 125 3 103 945
Test
Test3_Score Writing Test 752 3 103 524

Tests the null hypothesis that the error variance of the dependent variable

is equal across groups.

a. Design: Intercept + Gender + Exam + Gender * Exam

The next table shows the results of the MANOVA. The MANOVA extracts the roots of the dependent

variables and then basically examines a factorial ANOVAs on the root of the dependent variables for all

independent variables. The MANOVA splits their total variance into explained variance (between

groups) and unexplained variance (within groups), where the variance is Var = sum of squares / df. The

F-value is then the F = Varb / Varw. This is done for the main effects each factor has on its own and the

interaction effect of the factors.
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Tests of Between-Subjects Effects

Source Dependent Variable Type Il Sum Partial Eta
of Squares df Mean Square F Sig. Squared
Corrected Model  Test_Score Math Test 22258.928?2 3 7419.643 66.282 .000 .659
Test2_Score Reading 5509.431° 3 1836.477 14.975 .000 .304
Test
Test3_Score Writing Test 6450.412° 3 2150.137 29.593 .000 463
Intercept Test_Score Math Test 243922.354 1 243922.354 | 2179.031 .000 955
¥es:2_$core Reading 38558.896 1 38558.896 314.418 .000 .753
es
Test3_Score Writing Test 25565.231 1 25565.231 351.857 .000 774
Gender Test_Score Math Test 75.018 1 75.018 670 415 .006
Test2_Score Reading 81.866 1 81.866 .668 416 .006
Test
Test3_Score Writing Test 91.832 1 91.832 1.264 264 012
Exam Test_Score Math Test 16985.565 1 16985.565 151.737 .000 596
Test2_Score Reading 4837.909 1 4837.909 39.449 .000 277
Test
Test3_Score Writing Test 5661.856 1 5661.856 77.925 .000 431
Gender * Exam Test_Score Math Test 72 1 72 .002 .969 .000
Test2_Score Reading 78.740 1 78.740 642 425 .006
Test
Test3_Score Writing Test 91.646 1 91.646 1.261 264 012
Error Test_Score Math Test 11529.894 103 111.941
Test2_Score Reading 12631.485 103 122.636
Test
Test3_Score Writing Test 7483.774 103 72.658
Total Test_Score Math Test 330864.000 107
Test2_Score Reading 60821.000 107
Test
Test3_Score Writing Test 40469.000 107
Corrected Total Test_Score Math Test 33788.822 106
Test2_Score Reading 18140.916 106
Test
Test3_Score Writing Test 13934.187 106

a. R Squared = .659 (Adjusted R Squared = .649)
b. R Squared = .304 (Adjusted R Squared = .283)
c. R Squared = 463 (Adjusted R Squared = .447)

In our example the MANOVA shows that the exam (pass versus fail) has a significant influence onthe
math, reading, and writing scores, while neither gender nor the interaction effect between genderand
exam have a significant influence on the dependent variables. The MANOVA's F-test tests the null
hypothesis that the mean scores are equal, which is the same as saying that there is no effect onthe
dependent variable.

In summary, a possible conclusion could read:

The MANOVA shows that the outcome of the final exam significantly influences the standardized
test scores of reading, writing, and math. All scores are significantly higher for students passing

the exam. However no significant difference for gender or the interaction effect of exam and

gender could be found in our sample.
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¥ One-Way MANCOVA

! What is the One-Way MANCOVA?

MANCOVA is short for Multivariate ANalysis of COVAriance. The words “one” and “way” in the name
indicate that the analysis includes only one independent variable. Like all analyses of covariance, the
MANCOVA is a combination of a One-Way MANOVA preceded by a regression analysis.

In basic terms, the MANCOVA looks at the influence of one or more independent variables on one
dependent variable while removing the effect of one or more covariate factors. To do that the One-Way
MANCOVA first conducts a regression of the covariate variables on the dependent variable. Thus it
eliminates the influence of the covariates from the analysis. Then the residuals (the unexplained
variance in the regression model) are subject to an MANOVA, which tests whether the independent
variable still influences the dependent variables after the influence of the covariate(s) has been
removed. The One-Way MANCOVA includes one independent variable, one or more dependent
variables and the MANCOVA can include more than one covariate, and SPSS handles up to ten. If the
One-Way MANCOVA model has more than one covariate it is possible to run the MANCOVA with
contrasts and post hoc tests just like the one-way ANCOVA or the ANOVA to identify the strength of the
effect of each covariate.

The One-Way MANCOVA is most useful for two things: 1) explaining a MANOVA's within-group variance,
and 2) controlling confounding factors. Firstly, as explained in the section titled ‘How To Conduct a
MANOVA,’ the analysis of variance splits the total variance of the dependent variable into:

Variance explained by each of the independent variables (also called between-groups
variance of the main effect)

Variance explained by all of the independent variables together (also called the interaction
effect)

Unexplained variance (also called within-group variance)

The One-Way MANCOVA looks at the unexplained variance and tries to explain some of it with the
covariate(s). Thus it increases the power of the MANOVA by explaining more variability in the model.
[Note that just like in regression analysis and all linear model’s over-fitting might occur. That is, the

more covariates you enter into the MANCOVA the more variance will be explained, but the fewer degrees
of freedom the model has. Thus entering a weak covariate into the One-Way MANCOVA decreases the
statistical power of the analysis instead of increasing it.]

Secondly, the One-Way MANCOVA eliminates the covariates' effects on the relationship between
independent variables and the dependent variables—an effect that is typically tested using a MANOVA.
The concept is very similar to the concept behind partial correlation analysis; technically a MANCOVA is
a semi-partial regression and correlation.

The One-Way MANCOVA needs at least four variables:
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[0 One independent variable, which groups the cases into two or more groups, i.e., it has two
or more factor levels. The independent variable has to be at least of nominal scale.
1 Two or more dependent variables, which the independent variable influences. The

dependent variables have to be of continuous-level scale (interval or ratio data). Also, they
need to be homoscedastic and multivariate normal.

[0 One or more covariates, also called confounding factors or concomitant variables. These

variables moderate the impact of the independent factor on the dependent variables. The
covariates need to be continuous-level variables (interval or ratio data). The One-Way
MANCOVA covariate is often a pre-test value or a baseline.

IThe One-Way MANCOVA in SPSS

The One-Way MANCOVA is part of the General Linear Models in SPSS. The GLM procedure in SPSS has
the ability to include 1-10 covariates into an MANCOVA model. Without a covariate the GLM procedure
calculates the same results as the MANOVA. The levels of measurement need to be defined upfront in
order for the GLM procedure to work correctly.

Let us analyze the following research question:

Does the score achieved in the standardized math, reading, and writing test depend on the
outcome of the final exam, when we control for the age of the student?

This research question means that the three test scores are the dependent variables, the outcome of
the exam (fail vs. pass) is the independent variable and the age of the student is the covariate factor.
The One-Way MANCOVA can be found in Analyze/General Linear Model/Multivariate...

£ “Education Example.sav [DataScti] - PASW Statistics Data Editor

Fie Edf  Miew Dabs  Transiorm  Ansiyze  Grophe  Ltltie:  Addons  Window  Help

= L= - _| 3 3] 5 r Ir-1] . ~
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Marng Tyi Tabdes L | Label Walues Missing Columns Align Measure Role
1 Test_Score Murnen) Compars Means F th Test MNone Mane B 3 Right & Scale ™ Input |=
2 Test2_Score Numm:i Gerrtval Linear Model P ER urwariate one 5 3 Right & Scale ™ Input
3 Test3_Score Numen! Gersralized Linear Modsis  F ] Mutrvariste ane & 3 Right & Scale “w Input
4 Geander Murneri} Mixed Modeis: L [ [ r— ane 8 3 Right &t Morninal “w Input
5 Aptl Murreril Ceerelate s one 5 ;W Right & Scale o Input
B Api2 Murneri| Regresaion s el bkl o jane 5 3 Right & Scale “w Input
7 Ap13 Nurmeril Lo " lilude Test3  None Mane 5 | Right & Scale N Input
B Aptd Nurneril Cloaalty * lilude Test4  Mone Mana 5 W Right & Scale N Input
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15 Good2 Murrie iy Muliio bnpubaticn y formance on... (0. Not goo... None -] I Right il Crdinal “w Input
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A click on this menu entry brings up the GLM dialog, which allows us to specify any linear model. For
MANCOVA design we need to add the independent variable (exam) to the list of fixed factors. [Remember
that the factor is fixed, if it is deliberately manipulated and not just randomly drawn from a population. In
our MANCOVA example this is the case. This also makes the ANCOVA the model of choice when analyzing
semi-partial correlations in an experiment, instead of the partial correlation analysis which requires
random data.]

We need to specify a full-factorial model

i3 Multivariate

where the covariate is the students' age, and

the dependent variables are the math, : Dependent Variables:
| & Gender [Gender] |~

g

reading, and writing test scores. In the dialog —— [ weth Test [Test_sc... [] (Contrasts...]
. & Aptiuse Test 1 [Apt1) M & Reading Test [Test2 (==
box Model... we leave all settings on the & Aptitude Test 2 [Apt2) e A
. . & pptitude Test 3 [Apt3) ——
default. The default for all GLM (including o inciiaia o & A Fixed Faclor(s) e
the MANCOVA) is the full factorial model. The fidld fost#des isdisabled T ——
. ) . ﬁ Grade on Mslh Test_._ L_] @%9] | Sptians...
more covariates are entered into the ol Grade on Reading T...
analysis. If we want to include a group o] Grade on Witing Te...
. . d Performance on Ma... Covariate(s)
comparison into our MANCOVA we would ol Performance on Re... p:
. :El Performance on Wii... Age [Age]
need to add contrasts to the analysis. If you r
Final Exam Score [F... |
wanted to compare all groups against a ofll Mit-term Exam 1 [E.. !
. il MidtermExam 4 [E... | | VLS Weight:
specific group you would need to select ol M term Exam S .. | G

Simple as the Contrast Method, and also need to|specify whlmmmmpﬁ?uld be

compared against all other groups.

T Lo Lot T L o o

In the Options... dialog we can specify the

B Mhukiverists: Options == additional statistics that SPSS is going to
Estinaled Marginal Wesns calculate. It is useful to include the marginal
m F[:::;‘:L’L’]'d Eacloniboactions: 2:::? Msens for . means for the factor levels and also to include
Exam ¢ ) the Levene test of homogeneity of error
\1] I variances and the practical significance eta.
o Compare msin effects ]
i:;n’—“:':::: nensedguret ) | Ifthe MANCOVA is a factorial MANCOVA and
: ] not a One-Way MANCOVA, i.e., includes more
Plphay than one independent variable, you could
SREpEEE ot LEACR TR TR choose to compare the main effects of those
B} Estimutas of eifsct s2e B omagensty tests independent variables. The MANCOVA output
Hiperve porer EE(EC/v2: 02 ol would then include multiple ANOVAs that
s eROR A i compare the factor levels of the independent
SR maces amr gl variables. However, even if we adjust the
eeraboc it e SR e confidence interval using the Bonferroni
—_ Significance leyet: (05| Confidence intervais are 35.0% I~ method, conducting multiple pairwise ANOVAs
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will multiply the error terms. Thus this method of testing main effects is typically not used anymore,

and has been replaced by multivariate tests, e.g., Wilk's' Lambda.

IThe Output of the One-Way MANCOVA

The very first table in the output just shows the sample size for each
cell in the MANCOVA's design. The second table is a bit more

relevant in answering our research question. The table includes the
results of Box's M Test for the Equality of Covariances. Box's M test

has the null hypothesis that the covariance matrices are equal across
the cells. In our example the Box test is highly significant, thus we
cannot reject our null hypothesis. Technically we would need to stop
here, however we will proceed even though this might make our T-
tests and F-tests unreliable. The F-Test is robust against the violation

of this assumption.

Box's Test of Equality
of Covariance

Matrices?

F
df1
df2
Sig.

Boxs M

33.056
5.329

6
54751.383
.000

The next table shows the results of the multivariate tests of goodness of fit of the model. They tell us if

the independent variable and the covariates have an influence on the dependent variables. In our case

only the independent variable (exam) has a significant influence; the covariate (age) is not significant.

Multivariate Tests®

Effect Partial Eta
Value F Hypothesis df | Errordf Sig. Squared
Intercept  Pillai's Trace .093 3.4942 3.000 102.000 .018 .093
Wilks' Lambda 907 3.4942 3.000 102.000 .018 .093
Hotelling's Trace 103 3.4942 3.000 102.000 .018 .093
Roy's Largest Root 103 3.4942 3.000 102.000 .018 .093
Age Pillai's Trace .050 1.7742 3.000 102.000 157 .050
Wilks' Lambda 950 1.7742 3.000 | 102.000 157 .050
Hotelling's Trace .052 1.7742 3.000 102.000 157 .050
Roy's Largest Root .052 1.7742 3.000 | 102.000 157 .050
Exam Pillai's Trace 670 | 68.946° 3.000 | 102.000 .000 670
Wilks' Lambda 330 | 68.946° 3.000 | 102.000 .000 670
Hotelling's Trace 2.028 68.946° 3.000 102.000 .000 670
Roy's Largest Root 2.028 | 68.946° 3.000 | 102.000 .000 670
a. Exact statistic
b. Design: Intercept + Age + Exam
. Levene's Test of Equality of Error Variances?
The next table tests the assumption of -

o . F df1 df2 Sig.
homoscedasticity. We find that the Test_Score Math Test 19.551 1 105 000
Levene Test is not significant for the Test2_Score Reading 024 1 105 877

. - Test
reading and writing tests. Thus we y
Test3_Score Writing Test 1.057 1 105 .306

cannot reject the null hypothesis that

the variances are equal. We may

assume that the data of the reading

Tests the null hypothesis that the error variance of the dependent variable
is equal across groups.

a. Design: Intercept + Age + Exam
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and writing tests is homoscedastic in all cells. For the math tests, however, we may not assume
homoscedasticity. For large samples, the T-tests and F-tests that follow are somewhat robust against
this problem.

The next table finally shows the MANCOVA results. The direct effects of the exam are significant for all

three tests (math, reading, and writing). The effect of the covariate age is not significant (p > 0.05 —p is
0.665, 0.07, and 0.212).

Tests of Between-Subjects Effects

Source Dependent Variable Type Ill Sum Partial Eta
of Squares df Mean Square F Sig. Squared
Corrected Model  Test_Score Math Test 22199.4172 2 11099.708 99.606 .000 .657
Test2_Score Reading 5785.738° 2 2892.869 24.351 .000 319
Test
Test3_Score Writing Test 6423.836° 2 3211.918 44 477 .000 461
Intercept Test_Score Math Test 574.895 1 574.895 5.159 .025 .047
Test2_Score Reading 957.835 1 957.835 8.063 .005 .072
Test
Test3_Score Writing Test 381.866 1 381.866 5.288 023 .048
Age Test_Score Math Test 21.015 1 21.015 189 665 .002
Test2_Score Reading 399.306 1 399.306 3.361 .070 .031
Test
Test3_Score Writing Test 113.928 1 113.928 1.578 212 .015
Exam Test_Score Math Test 22132.733 1 22132.733 198.613 .000 .656
$es%2_Score Reading 5454.096 1 5454.096 45.910 .000 .306
es
Test3_Score Writing Test 6347.110 1 6347.110 87.892 .000 458
Error Test_Score Math Test 11589.406 104 111.437
Test2_Score Reading 12355.178 104 118.800
Test
Test3_Score Writing Test 7510.350 104 72.215
Total Test_Score Math Test 330864.000 107
Test2_Score Reading 60821.000 107
Test
Test3_Score Writing Test 40469.000 107
Corrected Total Test_Score Math Test 33788.822 106
Test2_Score Reading 18140.916 106
Test
Test3_Score Writing Test 13934.187 106

a. R Squared = .657 (Adjusted R Squared =.650)
b. R Squared = .319 (Adjusted R Squared = .306)
c.R Squared = .461 (Adjusted R Squared = .451)

In summary, a possible write-up could be as follows:

The MANCOVA shows that the outcome of the final exam significantly influences the
standardized test scores of reading, writing, and math. All scores are significantly higher for
students passing the exam than for the students failing the exam. When controlling the effect
for the age of the student however, we find no significant effect of the covariate factor and no
changes in the external validity of the influence of the exam outcome on the test scores.
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i Repeated Measures ANOVA

! What is the Repeated Measures ANOVA?

The repeated measures ANOVA is a member of the ANOVA family. ANOVA is short for ANalysis Of
VAriance. All ANOVAs compare one or more mean scores with each other; they are tests for the difference
in mean scores. The repeated measures ANOVA compares means across one or more variables that are
based on repeated observations. A repeated measures ANOVA model can also include zero or more
independent variables. Again, a repeated measures ANOVA has at least 1 dependent variable that has
more than one observation.

Example:

A research team wants to test the user acceptance of a new online travel booking tool. The
team conducts a study where they assign 30 randomly chosen people into two groups. One
group uses the new system and another group acts as a control group and books its travel via
phone. The team measures the user acceptance of the system as the behavioral intention to use
the system in the first 4 weeks after it went live. Since user acceptance is a latent behavioral
construct the researchers measure it with three items — ease of use, perceived usefulness, and
effort to use.

The repeated measures ANOVA is an ‘analysis of dependencies’. It is referred to as such because it is a

test to prove an assumed cause-effect relationship between the independent variable(s), if any, and the
dependent variable(s).

When faced with a question similar to the one in our example, you could also try to run 4 ANOVAs,
testing the influence of the independent variables on each of the observations of the four weeks.
Running multiple ANOVAs, however, does not account for individual differences in baselines of the
participants of the study.

The repeated measures ANOVA is similar to the dependent sample t-Test, because it also compares the
mean scores of different observations. It is necessary for the repeated measures ANOVA for the cases in
one observation to be directly linked with the cases in all other observations. This automatically
happens when repeated measures are taken, or when analyzing similar units or comparable specimen.
The pairing of observations or making repeated measurements are very common when conducting
experiments or making observations with time lags. Pairing the measured data points is typically done
in order to exclude any cofounding or hidden factors (cf. partial correlation). It is also often used to
account for individual differences in the baselines, such as pre-existing conditions in clinical research.
Consider for example a drug trial where the participants have individual differences that might have an
impact on the outcome of the trial. The typical drug trial splits all participants into a control and the
treatment group and measures the effect of the drug in month 1 -18. The repeated measures ANOVA
can correct for the individual differences or baselines. The baseline differences that might have an
effect on the outcome could be typical parameter like blood pressure, age, or gender. Thus the
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repeated measures ANOVA analyzes the effect of the drug while excluding the influence of different
baseline levels of health when the trial began.

Since the pairing is explicitly defined and thus new information added to the data, paired data can
always be analyzed with a regular ANOVA as well, but not vice versa. The baseline differences, however,
will not be accounted for.

A typical guideline to determine whether the repeated measures ANOVA is the right test is to answer
the following three questions:

Is there a direct relationship between each pair of observations, e.g., before vs. after scores on
the same subject?

Are the observations of the data points definitely not random (i.e., they must not be a randomly
selected specimen of the same population)?

Do all observations have to have the same number of data points?

If the answer is yes to all three of these questions the dependent sample t-test is the right test. If not,
use the ANOVA or the t-test. In statistical terms the repeated measures ANOVA requires that the
within-group variation, which is a source of measurement errors, can be identified and excluded from
the analysis.

lThe Repeated Measures ANOVA in SPSS

Let us return to our aptitude test question in consideration of the repeated measures ANOVA. The
guestion being: “Is there a difference between the five repeated aptitude tests?” Since we ran the
aptitude tests multiple times with the students these are considered repeated measurements. The
repeated measures ANOVA uses the GLM module of SPSS, like the factorial ANOVAs, MANOVAs, and
MANCOVAs.

The repeated measures ANOVA can be found in SPSS in the menu Analyze/General Linear
Model/Repeated Measures...
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The dialogboxthatopensontheclickisdifferentthantheGLM module
you might know from the MANOVA. Before specifying the model we
need to group the repeated measures.

We specifytherepeatedmeasuresbycreatingawithin-subject
factor. It is called within-subject factor of our repeated measures
ANOVA because it represents the different observations of one
subject (so the measures are made within one single case). We
measured the aptitude on five longitudinal data points. Therefore
we havefivelevelsofthewithin-subjectfactor.lfwejustwantto

test whetherthedatadifferssignificantlyovertimewearedone

after wecreatedandaddedthefactorAptitude_Testswith5levels.
The nextdialogboxallowsustospecifytherepeatedmeasures
ANOVA. First we need to add the five observation points to the
within-subject variables simply select the five aptitude test points
and clickonthearrowpointingtowardsthelistofwithin-subject
variables. In a more complex example we could also include
additional dependent variables into the analysis. Plus we can add
treatment/grouping variables to the repeated measures ANOVA, in

such a case the grouping variable would beaddedasabetween-subjectfactor.
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Since our example does not have an independent variable the post hoc testsandcontrasts are not
needed to compare individual differences between levels of the between-subjectfactor. We also go
with the default option of the full factorial model (in the Model... dialog box).Ifyouwere to conduct a
post hoc test, SPSS would run a couple of pairwise dependent samples t-tests.Weonly add some useful
statistics to the repeated measures ANOVA output in the Options... dialog.
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Technically we only need the Levene test for homoscedasticity when we wouldinclude at least one
independent variable in the sample. Instead, since it is a repeated measures ANOVA, it conducts a test
for Sphericity..
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It is also quite useful to include the descriptive statistics, because we have not yet compared the
longitudinal development of the five administered aptitude tests.

EThe Output of the Repeated Measures ANOVA

The first table just lists the design of the within-subject factor in our repeated measures ANOVA. The
second table lists the descriptive statistics for the five tests. We find that there is little movement within
the test scores, the second test scoring lower and then the numbers picking up again.

Within-Subjects Factors

Measure:MEASURE_1 e e
— Descriptive Statistics

Aptitude_Tests Dependent
Variable Mean Std. Deviation N
1 Apt1 Apt1 Aptitude Test 1 29.44 9.370 107
2 Apt2 Apt2 Aptitude Test 2 24.67 7.864 107
3 Apt3 Apt3 Aptitude Test 3 26.27 7.020 107
4 Apt4 Apt4 Aptitude Test 4 31.02 6.103 107
5 Apth Apt5 Aptitude Test5 29.49 7.846 107

The next table shows the results ofthe regression modeling the GLM procedure conducts. Sinceour
rather simple example of a simplerepeated measures ANOVA does not include any regression,
component we can skip this table.

Multivariate Tests®

Effect Partial Eta
Value F Hypothesis df Error df Sig. Squared
Aptitude_Tests  Pillai's Trace .347 13.6992 4.000 103.000 .000 .347
Wilks' Lambda 653 13.6992 4.000 103.000 .000 347
Hotelling's Trace 532 13.6992 4.000 103.000 .000 347
Roy's Largest Root 532 13.699°2 4.000 103.000 .000 347

a. Exact statistic

b. Design: Intercept
Within Subjects Design: Aptitude_Tests

One of the key assumptions of the repeated measures ANOVA is sphericity. Sphericity is a measure for
the structure of the covariance matrix in repeated designs. Because repeated designs violate the
assumption of independence between measurements, the covariances need to be spherical. One
stricter form of sphericity is compound symmetry, which occurs if all the covariances are approximately
equal and all the variances are approximately equal in the samples. Mauchly's Sphericity Test tests this
assumption. If there is no sphericity in the data the repeated measures ANOVA can still be done when
the F-values are corrected by deducting additional degrees of freedom, e.g., Greenhouse-Geisser or
Huynh-Feldt.
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Measure:MEASURE_1

Mauchly's Test of Sphericity®

Within Subjects Effect Epsilon?
Approx. Chi- Greenhouse-
Mauchly's W Square df Sig. Geisser Huynh-Feldt | Lower-bound
Aptitude_Tests 499 72.559 9 .000 .708 729 .250

Mauchly's Test tests the null hypothesis that the error covariance of the orthonormalized transformed
dependent variable is proportional to an identity matrix. In other words, the relationship between
different observation points is similar; the differences between the observations have equal variances.
This assumption is similar to homoscedasticity (tested by the Levene Test) which assumes equal
variances between groups, not observations. In our example, the assumption of sphericity hasnotbeen
met because the Mauchly's Test is significant. This means that the F-values of our repeated measures
ANOVA are likely to be too large. This can be corrected by decreasing the degrees of freedomused.The
last three columns (Epsilon) tell us the appropriate correction method to use. If epsilon is greaterthan
0.75 then we should use the Huynh-Feldt correction or the Greenhouse-Geisser correction.SPSS
automatically corrects the F-values in the f-statistics table of the repeated measures ANOVA.

The next table shows the F statistics (also called the within-subject effects). As discussed earlierthe
assumption of sphericity has not been met and thus the degrees of freedoms in our repeatedmeasures
ANOVA need to be decreased. The table shows that the differences in our repeated measuresare
significant on a level p < 0.001. The table also shows that the Greenhouse-Geisser correctionhas
decreased the degrees of freedom from 4 to 2.831.

Tests of Within-Subjects Effects
Measure:MEASURE_1

Source Type Il Sum Partial Eta
of Squares df Mean Square F Sig. Squared
Aptitude_Tests Sphericity Assumed 2920.393 4 730.098 11.224 .000 .096
Greenhouse-Geisser 2920.393 2.831 1031.529 11.224 .000 .096
Huynh-Feldt 2920.393 2917 1001.206 11.224 .000 .096
Lower-bound 2920.393 1.000 2920.393 11.224 .001 .096
Error(Aptitude_Tests)  Sphericity Assumed 27580.807 424 65.049
Greenhouse-Geisser 27580.807 | 300.100 91.906
Huynh-Feldt 27580.807 | 309.189 89.204
Lower-bound 27580.807 106.000 260.196

Thus we can reject the null hypothesis that the repeated measures are equal and we might assume that
our repeated measures are different from each other. Since the repeated measures ANOVA only
conducts a global F-test the pairwise comparison table helps us find the significant differences in the
observations. Here we find that the first aptitude test is significantly different than the second and
third; the second is only significantly different from the first, the fourth, and the fifth etc.
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Pairwise Comparisons

Measure:MEASURE_1

() Aptitude_Tests  (J) Aptitude_Tests 95% Confidence Interval for
Difference®
Mean
Difference (I-

J) Std. Error Sig.? Lower Bound Upper Bound

1 2 4.766" 1.444 .001 1.903 7.630
3 3.168" 1.184 .009 821 5515

4 -1.579 1.252 210 -4.061 902

5 -.047 1.428 974 -2.878 2.784

2 1 -4.766° 1.444 .001 -7.630 -1.903
3 -1.598 932 .089 -3.446 250

4 -6.346" .906 .000 -8.143 -4.549

5 -4.813" 873 .000 -6.544 -3.082

3 1 -3.168" 1.184 .009 -5.515 -.821
2 1.598 932 .089 -.250 3.446

4 -4.748 945 .000 -6.621 -2.874

5 -3.215 1.030 .002 -5.258 -1.172

4 1 1.579 1.252 210 -.902 4.061
2 6.346" .906 .000 4.549 8.143

3 4.748" 945 .000 2.874 6.621

5 1.533 812 062 -077 3.143

5 1 .047 1.428 974 -2.784 2.878
2 4813 873 .000 3.082 6.544

3 3.215 1.030 .002 1.172 5.258

4 -1.533 812 062 -3.143 077

Based on estimated marginal means
*. The mean difference is significant at the .05 level.

a. Adjustment for multiple comparisons: Least Significant Difference (equivalent to no adjustments).

In summary, a possible write-
up could be:

During the fieldwork, five
repeated aptitude tests were
administered to the students.
The repeated measures
ANOVA shows that achieved
scores on these aptitude tests
are significantly different. A
pairwise comparison
identifies the aptitude tests 1,
2, 3 being significantly
different from each other;
also the tests 2 and 3 are
significantly different from 4
and 5.
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I Repeated Measures ANCOVA

! What is the Repeated Measures ANCOVA?

The repeated measures ANCOVA is a member of the GLM procedures. ANCOVA is short for ANalysis Of
COVAriance. All GLM procedures compare one or more mean scores with each other; they are tests for
the difference in mean scores. The repeated measures ANCOVA compares means across one or more
variables that are based on repeated observations while controlling for a confounding variable. A
repeated measures ANOVA model can also include zero or more independent variables and up to ten
covariate factors. Again, a repeated measures ANCOVA has at least one dependent variable and one
covariate, with the dependent variable containing more than one observation.

Example:

A research team wants to test the user acceptance of a new online travel booking tool. The
team conducts a study where they assign 30 randomly chosen people into two groups. One
group that uses the new system and another group acts as a control group and books its travel
via phone. The team also records self-reported computer literacy of each user.

The team measures the user acceptance of the system as the behavioral intention to use the
system in the first four weeks after it went live. Since user acceptance is a latent behavioral
construct the researchers measure it with three items — ease of use, perceived usefulness, and
effort to use. They now use the repeated measures ANCOVA to find out if the weekly
measurements differ significantly from each other, if the treatment and control group differ
significantly from each other all the time controlling for the influence of computer literacy.

When faced with a question similar to the one in our example, try to run 4 ANCOVAs to test the

influence of the independent variables on each of the observations of the four weeks while controlling
for the covariate. Keep in mind, running multiple ANCOVAs does not account for individual differences
in baselines of the participants of the study. Technically, the assumption of independence is violated

because the numbers of week two are not completely independent from the numbers from week one.

The repeated measures ANCOVA is similar to the dependent sample t-Test, and the repeated measures
ANOVA because it also compares the mean scores of different observations. It is necessary for the
repeated measures ANCOVA that the cases in one observation are directly linked with the cases in all
other observations. This automatically happens when repeated measures are taken, or when analyzing
similar units or comparable specimen.

Both strategies (pairing of observations or making repeated measurements) are very common when
conducting experiments or making observations with time lags. Pairing the observed data points is
typically done to exclude any cofounding or hidden factors (cf. partial correlation). It is also used to
account for individual differences in the baselines, for example pre-existing conditions in clinical
research. Consider the example of a drug trial where the participants have individual differences that
might have an impact on the outcome of the trial. The typical drug trial splits all participants into a
control and the treatment group and measures the effect of the drug in months 1 - 18. The repeated
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measures ANCOVA can correct for the individual differences or baselines. The baseline differences that
might have an effect on the outcome could be a typical parameter like blood pressure, age, or gender.
Not only does the repeated measures ANCOVA account for difference in baselines, but also for effects of
confounding factors. This allows the analysis of interaction effects between the covariate, the time and
the independent variables' factor levels.

Since the pairing is explicitly defined and thus new information added to the data, paired data can

always be analyzed with a regular ANCOVA, but not vice versa. The baseline differences, however, will
not be accounted for.

IThe Repeated Measures ANCOVA in SPSS

Consider the following research question:

Are there individual differences in the longitudinal measures of aptitude between students who
passed the final exam and the students who failed the final exam; when we control for the
mathematical abilities as measured by the standardized test score of the math test?

The repeated measures ANCOVA uses the GLM module of SPSS, like the factorial ANOVAs, MANOVAs,
and MANCOVAS. The repeated measures ANCOVA can be found in SPSS in the menu Analyze/General
Linear Model/Repeated Measures...
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The dialog box that opens is different than the GLM module you might know from the MANCOVA.
Before specifying the model we need to group the repeated measures.

This is done by creating a within-subject factor. It is called a within subject factor of our repeated

measures ANCOVA because it represents the different observations of one subject. We measured the

aptitude on five different data points, which creates five factor levels.
We specify a factor called Aptitude_Tests with five factor levels (that is

the number of our repeated observations). Since our research question al

the

difference between the students who failed the final exam and the
students who passed the final exam, we will include a measurement in
the model as a between-subjects factor.

The next dialog box allows us to specify the repeated measures

ANCOVA. First we need to add the five observation points to the
within-subject variables. Then, we need to add Exam (fail versus pass

group of students) to the list of between-subject factors. Lastly, we add

the results of the math test to the list of covariates. As usual we go with

model, contrast, plots,
and save the results. Also note that Post Hoc tests are disabled because
of the inclusion of a covariate in the model.
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We simply add some useful statistics to the repeated measures ANOVA output in the Options... dialog.
These include the comparison of main effects with adjusted degrees of freedom, some descriptive



statistics, the practical significance eta, and the Levene test for homoscedasticity since we included
Exam as an independent variable in the analysis.

EThe Output of the Repeated Measures ANCOVA

The first two tables simply list the design of the within-subject factor and the between-subject factors in
our repeated measures ANCOVA.

Within-Subjects Factors The second table of the repeated measures ANCOVA shows the descriptive
Measure:measure statistics (mean, standard deviation, and sample size) for each cell in our
Aptitude_Tests D\e/gﬁgglznt analysis design.

1 Apt1 Between-Subjects Factors

2 Aotz Value Label N

431 //:E:i Bxam Exam .00 Fail 64 Interestingly we see that

5 Apt5 1.00 | Pass 43 | the average aptitude scores

improve continuously for the students who failed the final exam and then drop again for the last test.
And also we find that the number of students who pass the final exam starts off high, then drops by a
large number and gradually increases.

The next table

Descriptive Statistics Box's Test of Equality
Exam Exam | Mean | Std. Deviation N includes the of Covariance
AptT Aptitude Test1 .00 Fail 25.36 8.868 64 | results of Box's Matrices?
1.00 Pass 35.51 6.363 43 M test, which Boxs M 23.747
Total 29.44 9.370 107 .
, . verifies the F 1.498
Apt2 Aptitude Test2 .00 Fail 2666 7.396 64 _
1.00 Pass 21.72 7.688 43 | a@ssumption dft 15
Total 24.67 7.864 107 that df2 32481.356
Apt3 Aptitude Test3 .00 Fail 2713 6.482 64 | covariance Sig. 096
1.00 Pass 25.00 7.653 43 matrices of
Total 26.27 7.020 107 . .
each cell in our design are equal. Box's M
Apt4 Aptitude Test4 .00 Fail 32.28 5.742 64 | . it 096) th
100 Pass 014 6.205 43 | s notsignificant (p=.096) thus we can
Total 31.02 6.103 107 reject the null hypothesis that the
Apt5 Aptitude Test5 .00 Fail 30.87 8.109 64 covariance structures are equal and we
1.00 Pass 2742 7.028 43 | can assume homogenous covariance
Total 29.49 7.846 107 | tructures.

The next table shows the results of the regression modeling the GLM procedure conducts. Regression is
used to test the factor effects of significance. The analysis finds that the aptitude tests do not have a
significant influence in the covariate regression model — that is, we cannot reject the null hypothesis
that the mean scores are equal across observations. We find only that the interaction of the repeated
tests with the independent variable (exam) is significant.
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Multivariate Tests®

Effect Partial Eta
Value F Hypothesis df | Error df Sig. Squared
Aptitude_Tests Pillai's Trace 046 1.2252 4.000 | 101.000 305 046
Wilks' Lambda 954 1.2252 4.000 101.000 305 .046
Hotelling's Trace 049 1.2252 4.000 | 101.000 305 046
Roy's Largest Root 049 1.2252 4.000 | 101.000 305 046
Aptitude_Tests * Pillai's Trace .014 .3692 4.000 | 101.000 831 014
Test Score Wilks' Lambda 986 | 3697 4000 | 101.000 831 014
Hotelling's Trace .015 .3692 4.000 | 101.000 831 014
Roy's Largest Root 015 3692 4.000 | 101.000 831 014
Aptitude_Tests * Exam Pillai's Trace 098 2.730° 4.000 | 101.000 .033 .098
Wilks' Lambda 902 27302 4.000 | 101.000 .033 .098
Hotelling's Trace 108 2.730° 4.000 | 101.000 .033 .098
Roy's Largest Root 108 2.7302 4.000 101.000 .033 .098

a. Exact statistic

b. Design: Intercept + Test_Score + Exam
Within Subjects Design: Aptitude_Tests

One of the special assumptions of repeated designs is sphericity. Sphericity is a measure for the
structure of the covariance matrix in repeated designs. Because repeated designs violate the
assumption of independence between measurements, the covariances need to be spheric. One stricter
form of sphericity is compound symmetry, which occurs if all the covariances are approximately equal
and all the variances are approximately equal in the samples. Mauchly's sphericity test tests this
assumption. If there is no sphericity in the data the repeated measures ANOVA can still be done when
the F-values are corrected by deducting additional degrees of freedom (e.g., Greenhouse-Geisser or
Huynh-Feldt).

Mauchly's Test analyzes whether this assumption is fulfilled. It tests the null hypothesis that the error
covariance of the orthonormalized transformed dependent variable is proportional to an identity matrix.
In simpler terms, the relationship between different observation points is similar; the differences
between the observations have equal variances. This assumption is similar to homoscedasticity (tested
by the Levene Test) which assumes equal variances between groups, not observations.

Mauchly's Test of Sphericity”

Measure:measure

Within Subjects Effect Epsilon®
Approx. Chi- Greenhouse-
Mauchlys W Square df Sig. Geisser Huynh-Feldt | Lower-bound
Aptitude_Tests .644 45.085 9 .000 .801 845 250

In our example, the assumption of sphericity has not been met, because the Mauchly's Test is highly
significant. This means that the F-values of our repeated measures ANOVA are likely to be too large.
This can be corrected by decreasing the degrees of freedom used to calculate F. The last three columns
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(Epsilon) tell us the appropriate correction method to use. If epsilon is greater than 0.75 we should use
the Huynh-Feldt correction or the Greenhouse-Geisser correction. SPSS automatically includes the
corrected F-values in the F-statistics table of the repeated measures ANCOVA.

The next table shows the F-statistics. As discussed earlier the assumption of sphericity has not been met
and thus the degrees of freedom in our repeated measures ANCOVA need to be decreased using the
Huynh-Feldt correction. The results show that neither the aptitude test scores nor the interaction effect
of the aptitude scores with the covariate factor are significantly different. The only significant factor in
the model is the interaction between the repeated measures of the aptitude scores and the
independent variable (exam) on a level of p = 0.005.

Tests of Within-Subjects Effects

Measure:measure

Source Type Il Sum Partial Eta
of Squares df Mean Square F Sig. Squared
Aptitude_Tests Sphericity Assumed 258.506 4 64.627 1.140 337 .011
Greenhouse-Geisser 258.506 3.204 80.690 1.140 334 .011
Huynh-Feldt 258.506 3.381 76.458 1.140 .335 .011
Lower-bound 258.506 1.000 258.506 1.140 .288 .011
Aptitude_Tests * Sphericity Assumed 110.971 4 27.743 489 743 .005
Test Score Greenhouse-Geisser 110.971 3.204 34.638 489 .702 .005
Huynh-Feldt 110.971 3.381 32.822 489 712 .005
Lower-bound 110.971 1.000 110.971 489 486 .005
Aptitude_Tests * Exam Sphericity Assumed 928.778 4 232.194 4.097 .003 .038
Greenhouse-Geisser 928.778 3.204 289.909 4.097 .006 .038
Huynh-Feldt 928.778 3.381 274.703 4.097 .005 .038
Lower-bound 928.778 1.000 928.778 4.097 .046 .038
Error(Aptitude_Tests) Sphericity Assumed 23578.467 416 56.679
Greenhouse-Geisser 23578.467 | 333.184 70.767
Huynh-Feldt 23578.467 | 351.627 67.055
Lower-bound 23578.467 | 104.000 226.716

Thus we cannot reject the null hypothesis that the repeated measures are equal when controlling for the
covariate and we might unfortunately not assume that our repeated measures are different from each
other when controlling for the covariate.

The last two tables we reviewed ran a global F-test. The next tables look at individual differences
between subjects and measurements. First, the Levene tests is not significant for all repeated measures
but the first one, thus we cannot reject our null hypothesis and might assume equal variances in all cells
of our design. Secondly, we find that in our linear repeated measures ANCOVA model the covariate
factor levels (Test_Score) are not significantly different (p=0.806), and also that the exam factor levels
(pass vs. fail) are not significantly different (p=0.577).
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Levene's Test of Equality of Error Variances?

F df1 df2 Sig.
Apt1 Aptitude Test 1 5.638 1 105 019
Apt2 Aptitude Test 2 014 1 105 906
Apt3 Aptitude Test 3 1.119 1 105 293
Apt4 Aptitude Test 4 137 1 105 712
Apt5 Aptitude Test5 726 1 105 396

Tests the null hypothesis that the error variance of the dependent
variable is equal across groups.

a. Design: Intercept + Test_Score + Exam
Within Subjects Design: Aptitude_Tests

Tests of Between-Subjects Effects

Measure:measure
Transformed Variable:Average

Source Type Il Sum Partial Eta

of Squares df Mean Square F Sig. Squared
Intercept 14685.976 1 14685.976 | 390.484 .000 .790
Test_Score 2.290 1 2.290 .061 .806 .001
Exam 11.802 1 11.802 314 577 .003
Error 3911.405 104 37.610

The last output of our repeated measures ANCOVA are the pairwise tests. The pairwise comparisons
between groups is meaningless since they are not globally different to begin with; the interesting table is
the pairwise comparison of observations. It is here where we find that in our ANCOVA model test, 1, 2, and
3 differ significantly from each other, as well as 2 and 3 compared to 4 and 5, when controlling for the
covariate.
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Measure:measure

Pairwise Comparisons

() Aptitude_Tests  (J) Aptitude_Tests

95% Confidence Interval for

Difference?®
Mean
Difference (I-

J) Std. Error Sig.2 Lower Bound Upper Bound

1 2 6.065 1.335 .000 2.237 9.893
3 4.244" 1.097 .002 1.098 7.390

4 -610 1.145 1.000 -3.894 2.675

5 962 1.352 1.000 -2.915 4.839

2 1 -6.065" 1.335 .000 -9.893 -2.237
3 -1.821 984 670 -4.643 1.001

4 -6.674" 961 .000 -9.430 -3.919

5 -5.103" 927 .000 -7.761 -2.445

3 1 -4.244° 1.097 .002 -7.390 -1.098
2 1.821 984 670 -1.001 4.643

4 -4.853" 1.004 .000 -7.732 -1.974

5 -3.282" 1.095 .034 -6.421 -.142

4 1 610 1.145 1.000 -2.675 3.894
2 6.674" .961 .000 3.919 9.430

3 4.853 1.004 .000 1.974 7.732

5 1.572 .866 725 -913 4.056

5 1 -.962 1.352 1.000 -4.839 2915
2 5.103" 927 .000 2445 7.761

3 3.282" 1.095 .034 142 6.421

4 -1.572 .866 725 -4.056 913

Based on estimated marginal means

*. The mean difference is significant at the .05 level.

a. Adjustment for multiple comparisons: Bonferroni.

In summary, we can conclude:

During the fieldwork five repeated aptitude tests were administered to the students. We
analyzed whether the differences between the five repeated measures are significant and

whether they are significant between the students who passed the final exam and the students
who failed the final exam when we controlled for their mathematical ability as measured by the

standardized math test. The repeated measures ANCOVA shows that the achieved aptitude

scores are not significant between the repeated measures and between the groups of students.

However a pairwise comparison identifies the aptitude tests 1, 2, 3 still being significantly

different from each other, when controlling for the students' mathematical abilities.

i Profile Analysis

I What is the Profile Analysis?

Profile Analysis is mainly concerned with test scores, more specifically with profiles of test scores. Why
is that relevant? Tests are commonly administered in medicine, psychology, and education studies to
rank participants of a study. A profile shows differences in scores on the test. If a psychologist
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administers a personality test (e.g., NEO), the respondent gets a test profile in return showing the scores
on the Neuroticism, Extraversion, Agreeableness, Consciousness, and Openness dimensions. Similarly,
many tests such as GMAT, GRE, SAT, and various intelligence questionnaires report profiles for abilities
in reading, writing, calculating, and critically reasoning.

Typically test scores are used to predict behavioral items. In education studies it is common to predict

test performance, for example using the SAT to predict the college GPA when graduating. Cluster
analysis and Q-test have been widely used to build predictive models for this purpose.

What is the purpose of Profile Analysis? Profile Analysis helps researchers to identify whether two or
more groups of test takers show up as a significantly distinct profile. It helps to analyze patterns of
tests, subtests, or scores. The analysis may be across groups or across scores for one individual.

What does that mean? The profile analysis looks at profile graphs. A profile graph is simply the mean
score of the one group of test takers with the other group of test takers along all items in the battery.
The main purpose of the profile analysis is to identify how good a test is. Typically the tests consist of
multiple item measurements and are administered over a series of time points. You could use a simple
ANOVA to compare the test items, but this violates the independence assumption in two very important
ways. Firstly, the scores on each item are not independent — item batteries are deliberately designed to
have a high correlation among each other. Secondly, if you design a test to predict group membership
(e.g., depressed vs. not depressed, likely to succeed vs. not like to succeed in college), you want the
item battery to best predict the outcome. Thus item battery and group membership are also not
independent.

What is the solution to this problem? Since neither the single measurements on the items nor the group
membership are independent, they needed to be treated as a paired sample. Statistically the Profile
Analysis is similar to a repeated measures ANOVA.

Example:

A research team wants to create a new test for a form of cancer that seems to present in
patients with a very specific history and diet. The researchers collect data on ten questions from
patients that present with the cancer and a randomly drawn sample of people who do not
present with the cancer.

Profile Analysis is now used to check whether the ten questions significantly differentiate between the

groups that presents with the iliness and the group that does not. Profile analysis takes into account
that neither items among each other nor subject assignment to groups is random.

Profile Analysis is also a great way to understand and explore complex data. The results of the profile
analysis help to identify and focus on the relevant differences and help the researcher to select the right
contrasts, post hoc analysis, and statistical tests when a simple ANOVA or t-test would not suffice.
However profile analysis has its limitations, especially when it comes to standard error of measurement
and predicting a single person's score.
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Alternatives to the Profile Analysis are the Multidimensional Scaling, and Q-Analysis. In Q-Analysis the
scores of an individual on the item battery are treated as an independent block (just as in Profile
Analysis). The Q-Analysis then conducts a rotated factor analysis on these blocks, extracting relevant
factors and flagging the items that define a factor.

Another alternative to Profile Analysis is a two-way MANOVA (or doubly MANOVA). In this design the
repeated measures would enter the model as the second dependent variable and thus the model
elegantly circumvents the sphericity assumption.

IThe Profile Analysis in SPSS

The research question we will examine for the Profile Analysis is as follows:

Do the students who passed the final exam and the students who failed the final exam have a
significantly different ranking in their math, reading, and writing test?

The Profile Analysis uses the repeated measures GLM module of SPSS, like the repeated measures
ANOVA and ANCOVA. The Profile Analysis can be found in SPSS in the menu Analyze/General Linear
Model/Repeated Measures...
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The dialog box that opens is different than the GLM module for independent measures. Before
specifying the model we need to group the repeated measures—the item battery we want to test. In
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our example we want to test if the standardized test, which
consists of three items (math, reading, writing), correctly classifies
the two groups of students that either pass or fail the final exam. Within-Subject Factor Name:

L ]

Number of Levels: [ |

ii Repested Me...

This is done by creating a within-subject factor. The item battery is
called the within-subject factor of our Profile Analysis, because it
represents the different observations of one subject. Our item factor! (3)
battery contains three items — one score for math, one for reading, -
and one for writing. Thus we create and add a factor labeled
factorl with three factor levels.

The next dialog box allows us to specify the Profile Analysis. First Mancir Nome:

we need to add the three test items to the list of within-subjects : |:]
variables. We then add the exam variable to the list of between-
subjects factors. We can leave all other settings on default, apart
from the plots.

To create the profile plots we want the items (or subtests) on the
horizontal axis with the groups as separate lines. We also need the el (Cony
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be included in the dialog Options...
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lThe Output of the Profile Analysis

The first tables of the output list the design of the within-subject factor and the between-subject factors

in our Profile Analysis. These tables simply document our design.

Within-Subjects

Factors

Measure:MEASURE_1

factor1

Dependent
Variable

Test_Score
Test2_Score

Test3_Score

Box's Test of Equality
of Covariance

Matrices?
Boxs M 33.056
Between-Subjects Factors F 5.329
Value Label N dft 6
Exam Exam .00 Fail 64 df2 54751.383
1.00 Pass 43 Sig. 000

Box's M Test verifies the assumption that covariance matrices of each cellinour Profile Analysis design

are equal. Box's M is significant (p < 0.001) thus we can reject the null hypothesis and we might not

assume homogenous covariance structures. Also we can verify that sphericity might not be assumed,
since the Mauchly's Test is significant (p = 0.003). Sphericity is a measure for the structure of the
covariance matrix in repeated designs. Because repeated designs violate the assumption of

independence between measurements the covariances need to be spheric. One stricter form of

sphericity is compound symmetry, which occurs if all the covariances are approximately equal and all
the variances are approximately equal in the samples. Mauchly's sphericity test tests this assumption. If
there is no sphericity in the data, the repeated measures ANOVA can still be done when the F-values are
corrected by deducting additional degrees of freedom (e.g., Greenhouse-Geisser or Huynh-Feldt). Thus
we need to correct the F-values when testing the significance of the main and interaction effects. The
epsilon is greater than 0.75, thus we can work with the less conservative Huynh-Feldt correction.

Measure:MEASURE_1

Mauchly's Test of Sphericity®

Within Subjects Effect Epsilon®
Approx. Chi- Greenhouse-
Mauchly's W Square df Sig. Geisser Huynh-Feldt | Lower-bound
factor1 11.822 2 .003 .903 927 .500

The first real results table of our Profile Analysis are the within-subjects effects. This table shows that
the items that build our standardized test are significantly different from each other and also that the

interaction effect between passing the exam and the standardized test items is significant. However,

the Profile Analysis does not tell how many items differ and in which direction they differ.
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Tests of Within-Subjects Effects

Measure:MEASURE_1

Source Type Il Sum
of Squares df Mean Square F Sig.
factor1 Sphericity Assumed 90918.244 2 45459.122 | 726.708 .000
Greenhouse-Geisser 90918.244 1.806 50343.849 | 726.708 .000
Huynh-Feldt 90918.244 1.853 49060.921 726.708 .000
Lower-bound 90918.244 1.000 90918.244 | 726.708 .000
factor1 *Exam  Sphericity Assumed 3523.441 2 1761.720 28.163 .000
Greenhouse-Geisser 3523.441 1.806 1951.023 28.163 .000
Huynh-Feldt 3523.441 1.853 1901.304 28.163 .000
Lower-bound 3523.441 1.000 3523.441 28.163 .000
Error(factor1) Sphericity Assumed 13136.516 210 62.555
Greenhouse-Geisser 13136.516 189.624 69.277
Huynh-Feldt 13136.516 194.583 67.511
Lower-bound 13136.516 105.000 125.110

The Profile Analysis shows highly significant between-subjects effect. This indicates that the aptitude
groups differ significantly on the average of all factor levels of the standardized test (p < 0.001). We can

conclude that the factor levels of
the exam variable are
significantly different. However

Tests of Between-Subjects Effects

Measure:MEASURE_1
Transformed Variable:Average

we cannot say which direction

Source Type Il Sum )
they differ (e.g., if failing the of Squares df Mean Square F Sig.
. Intercept 304625.396 1 304625.396 | 1696.612 .000
exam results in a lower score on
. Exam 30351.302 1 30351.302 | 169.042 .000
the test). Also if we would have
Error 18852.667 105 179.549

a grouping variable with more

than two levels it would not tell whether all levels are significantly different or only a subset is different.

Pairwise comparisons would need to be
examined to assess the differences.

By far the most useful output of the
Profile Analysis is the Profile Plot. The
profile plot shows that the standardized
test scores are consistently higher for
the group of students that passed the
exam. We could follow-up on this with
pairwise comparisons to identify the

Estimated Marginal Means

practical significance of the single
items.

Estimated Marginal Means of MEASURE_1

80.007

60.00

40.00

20.00

0.00

Exam

— Fail
— Pass

T
2

factor1
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In summary, we may conclude as follows:

We investigated whether the administered standardized test that measures the students' ability
in math, reading, and writing can sufficiently predict the outcome of the final exam. We
conducted a profile analysis and the profile of the two student groups is significantly different
along all three dimensions of the standardized test, with students passing the exam scoring
consistently higher.

IDoubIe—MuItivariate Profile Analysis

IWhat is the Double-Multivariate Profile Analysis?

Double Multivariate Profile Analysis is very similar to the Profile Analysis. Profile Analyses are mainly
concerned with test scores, more specifically with profiles of test scores. Why is that relevant? Tests are
commonly administered in medicine, psychology, and education studies to rank participants of a study. A
profile shows differences in scores on the test. If a psychologist administers a personality test (e.g., NEO),
the respondent gets a test profile in return showing the scores on the Neuroticism, Extraversion,
Agreeableness, Consciousness, and Openness dimensions. Similarly, many tests such as GMAT, GRE, SAT,
and various intelligence questionnaires report profiles for abilities to read, write, calculate, and critical
reasoning.

What is a double multivariate analysis? A double multivariate profile analysis (sometimes called doubly
multivariate) is a multivariate profile analysis with more than one dependent variable. Dependent
variables in Profile Analysis are the item batteries or subtests tested. A Double Multivariate Profile

Analysis can be double multivariate in two different ways: 1) two or more
dependent variables are measured multiple times, or 2) two or more sets of non-commensurate
measures are measured at once. Let us first discuss the former, a set of multiple non-commensurate items

that are measured two or

more different times. Non-commensurate items are items with different scales. In such a case we have
a group and a time, as well as an interaction effect group*time. The double multivariate profile analysis
will now estimate a linear canonical root that combines the dependent variables and maximizes the
main and interaction effects. Now we can find out if the time or the group effect is significant and we
can do simpler analyses to test the specific effects.

As for two or more sets of commensurate dependent variables of one subject measured one at a time,
this could, for instance, be the level of reaction towards three different stimuli and the reaction time.
Since both sets of measures are neither commensurate nor independent, we would need to use a
double multivariate profile analysis. The results of that analysis will then tell us the main effects of our
three stimuli, the reaction times, and the interaction effect between them. The double multivariate
profile analysis will show which effects are significant and worth exploring in multivariate analysis with
one dependent variable.
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Additionally, the profile analysis looks at profile graphs. A profile graph simply depicts the mean scores
of one group of test takers along the sets of measurements and compares them to the other groups of
test takers along all items in the battery. Thus the main purpose of the profile analysis is to identify if
non-independent measurements on two or more scales are significantly different between several
groups of test takers.

Example:

A research team wants to create a new test for a form of cardiovascular disease that seems to
present in patients with a very specific combination of blood pressure, heart rate, cholesterol,
and diet. The researchers collect data on these three dependent variables.

Profile Analysis can then be used to check whether the three dependent variables differ significantly
differentiate between a group that presents with the iliness versus the group that does not. Profile
analysis takes into account that neither items among each other nor subject assignment to groups is
random.

Profile Analysis is also a great way to understand and explore complex data. The results of the profile
analysis help to identify and focus on the relevant differences and help the researcher to select the right
contrasts, post hoc analysis, and statistical tests, when a simple ANOVA or t-test would not be sufficient.

An alternative to profile analysis is also the double multivariate MANOVA, where the time and
treatment effect are entered in a non-repeated measures MANOVA to circumvent the sphericity
assumption on the repeated observations.

!The Double-Multivariate Profile Analysis in SPSS

The Profile Analysis is statistically equivalent to a repeated measures MANOVA because the profile
analysis compares mean scores in different samples across a series of repeated measurements that can
either be the results of one test administered several times or subtests that make up the test.

The Double Multivariate Profile Analysis looks at profiles of data and checks a profile whether Profiles
are significantly distinct in pattern and significantly different in level. Technically, Double Multivariate
Profile analysis analyzes respondents as opposed to factor analysis which analyzes variables. At the
same time, Double Multivariate Profile Analysis is different from cluster analysis in that cluster analysis
does not take a dependent variable into account.

The purpose of Double Multivariate Profile Analysis is to check if four or more profiles are parallel. It
tests four statistical hypotheses:

1. The centroids are equal;

2. The profiles are parallel (there is no interaction effect of group * time);

3. Profiles are coincident (no group effects, given parallel profiles);

4. Profiles are level (no time effects, given parallel profiles).

In addition, the Double Multivariate Profile Analysis tests two practical hypotheses:
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1. There are no within-subjects effects — the profile analysis tests whether the items within different
batteries of subtests are significantly different, if items do not differ significantly they might be
redundant and excluded.

2. There are no between-subjects effects — meaning that the subtest batteries do not produce different
profiles for the groups.

The profile analysis optimizes the covariance structure. The rationale behind using the covariance

structure is that the observations are correlated and that the correlation of observations is naturally
larger when they come from the same subject.

Our research question for the Doubly Multivariate Profile Analysis is as follows:

Does the test profile for the five mid year mini-tests and snippets from the standardized tests
(math, reading, and writing) differ between student who failed the final exam and students who
passed the final exam? (The example is a 3x5 = (3 standardized test snippets) x (5 repeated mini-
tests) design, thus the analysis requires 15 observations for each participant!)

The Profile Analysis uses the repeated measures GLM module of SPSS, like the repeated measures
ANOVA and ANCOVA. The Profile Analysis can be found in SPSS in the menu Analyze/General Linear
Model/Repeated Measures...

g8 “Education Bample.sav [DataSect1] - PASW Statistica Data Editor
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The dialog box that opens is different than the GLM module for
independent measures. Before specifying the model we need to define

fﬂ Repested Me...

Waithin-Subject Factor Name: the repeated measures, or rather, inform SPSS how we designed the study.
| In our example we want to test the three factor levels of standardized
Number of Levels: [ | testing and the five factor levels of aptitude testing.
:ﬁgg The factors are called within-subject factors of our Double Multivariate
Profile Analysis because they represent the different observations of one
subject, or within one subject. Thus we need to define and add two
e factors—one with three and one with five factor levels—to our design.

T The next dialog box allows us to specify the Profile Analysis. We need to
— | add all nested observation to the list of within-subject variables. Every
factor level is explicitly marked. The first factor level on both variables is
(1,1) and (3,2) is both the third level on the first factor and the second level
on the second factor. Remember that this analysis needs 3x5 data points
per participant! We leave all other settings on default, apart from the plots

((etie [ Reset | (cancel | et |

where we add the marginal means plots.
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IThe Output of the Double-Multivariate Profile Analysis

The first table simply lists the design of the within-subject factor and the between-subject factors in our
Double Multivariate Profile Analysis. These tables document our design.

Box's M test would be typically the next result to examine. However SPSS finds singularity in covariance

matrices (that is perfect correlation). Usually Box M verifies the assumption that covariance matrices of
each cell in our Double Multivariate Profile Analysis design are equal. It does so by testing the null
hypothesis that the covariance structures are homogenous.
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Within-Subjects Factors
Measure:MEASURE_1

factor1  factor2 Dependent
Variable

Test1_1
Test1_2
Test1_3
Test2_1
Test2_2
Test2_3
Test3_1
Test3_2
Test3_3
Testd_1
Test4_2
Testd_3 Value Label N

Test5_1 Exam Exam .00 Fail 64

Test5_2
Test5_3 1.00 Pass 43

1

Between-Subjects Factors

W N 2O N 20N 2N 2w N =

Warnings

Box's Test of Equality of Covariance Matrices is not computed because there are
fewer than two nonsingular cell covariance matrices.

The next assumption to test is sphericity. In our Double Multivariate Profile Analysis sphericity can be
assumed for the main effects (Mauchly's Test is not significant p=0.000), since we cannot reject the null
hypothesis (Mauchly's Test is highly significant). Thus we need to correct the F-values when testing the
significance of the interaction effects. The estimated epsilon is less than 0.75, thus we need to work with
the more conservative the Greenhouse-Geisser correction.

Mauchly's Test of Sphericity®
Measure:MEASURE_1

Within Subjects Effect Epsilon®
Approx. Chi- Greenhouse-
Mauchly's W Square df Sig. Geisser Huynh-Feldt | Lower-bound
factor1 209 162.075 9 .000 659 684 250
factor2 . . 2 |. . . 500
factor1 * factor2 .000 | . 35 | . 372 .388 125

The first results table of our Double Multivariate Profile Analysis reports the within-subjects effects. It
shows that the within-subject effects of factor 1 (the mini-test we administered) and the standardized
test bits are significantly different. However the sample questions for the standardized tests (factor 2)
that were included in our mini-tests are not significantly different, because of covariance structure
singularities. Additionally the interaction effects factorl * exam (group of students who passed vs.
students who failed) is significant, as well as the two-way interaction between the factors and the three-
way interaction between the factors and the outcome of the exam variable. This is a good indication
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that we found distinct measurements and that we do not see redundancy in our measurement

approach.

The next step in our Double Multivariate Profile Analysis tests the discriminating power of our groups. It
will reveal whether or not the profiles of the groups are distinct and parallel. Before we test, however,
we need to verify homoscedasticity. The Levene Test (below, right) prevents us from rejecting the null

hypothesis that the variances are equal, thus we might assume homoscedasticity in almost all tests.

Measure:MEASURE_1

Tests of Within-Subjects Effects

Source L%qu'ﬂasr:fs" o Mean Square E Sig. Psa(;‘liz'ngéa Levene's Test of Equality of Error Variances?®
factor1 Sphericity Assumed 25362.013 4 6340503 | 254.709 000 708 F df1 df2 Sig.
Greenhouse-Geisser 25362.013 2638 9614.365 | 254.709 .000 708 Test1_1 5.946 1 105 016
Huynh-Feldt 25362.013 2738 9263.266 | 254.709 .000 708 Test1_2 .014 1 105 907
Lower-bound 25362.013 1.000 25362.013 254.709 .000 708 Test1_3 1.159 1 105 284
factor1 * Exam Sphericity Assumed 1571.793 4 392.948 15.785 .000 131 Test2 1 109 1 105 742
Greenhouse-Geisser 1571.793 2.638 595.843 15.785 .000 131 Test2:2 804 1 105 372
Huynh-Feldt 1571.793 2738 574.084 15.785 .000 131 Test2_3 5.946 1 105 016
Lower-bound 1571.793 1.000 1571.793 15.785 .000 131
Test3_1 .014 1 105 907
Error(factor1) Sphericity Assumed 10455.128 420 24.893
Greenhouse-Geisser 10455.128 | 276.983 37.747 Tests_2 1.189 ! 108 284
Huynh-Feldt 10456.128 | 287.481 36.368 Test3_3 109 1 105 742
Lower-bound 10455128 | 105.000 99.573 Testd_1 804 1 105 372
factor2 Sphericity Assumed 1028.785 2 514.393 1.000 Testd_2 5.946 1 105 016
Greenhouse-Geisser 1028.785 1.000 Testd_3 .014 1 105 907
Huynh-Feldt 1028.785 1.000 Test5_1 1.159 1 105 284
Lower-bound 1028.785 1.000 1028.785 1.000 Test5_2 109 1 105 742
factor2 * Exam Sphericity Assumed .000 2 .000 Test5 3 804 1 105 372
Greenhouse-Geisser .000 —
Tests the null hypothesis that the error variance of the
Huynh-Feldt 000 dependent variable is equal across groups.
Lower-bound .000 1.000 .000 a. Design: Intercept + Exam
Error(factor2) Sphericity Assumed 000 210 000 fg\gg‘g Subjects Design: factor1 + factor2 + factor1 *
Greenhouse-Geisser .000
Huynh-Feldt .000 | .
Lower-bound .000 | 105.000 .000
factor1 * factor2 Sphericity Assumed 9456.598 8 1182.075 16.382 .000 135
Greenhouse-Geisser 9456.598 2976 3177.639 16.382 .000 135
Huynh-Feldt 9456.598 3.102 3049.015 16.382 .000 135
Lower-bound 9456.598 1.000 9456.598 16.382 .000 135
factor1 * factor2 * Exam  Sphericity Assumed 10102.317 8 1262.790 17.500 .000 143
Greenhouse-Geisser 10102.317 2976 3394.616 17.500 .000 143
Huynh-Feldt 10102.317 3.102 3257.209 17.500 .000 143
Lower-bound 10102.317 1.000 10102.317 17.500 .000 143
Error(factor1*factor2) Sphericity Assumed 60613.184 840 72159
Greenhouse-Geisser 60613.184 312478 193.976
Huynh-Feldt 60613.184 | 325.660 186.124
Lower-bound 60613.184 105.000 577.268
Tests of Between-Subjects Effects
Measure:MEASURE_1
Transformed Variable:Average
Source Type Il Sum Partial Eta
of Squares df Mean Square F Sig. Squared
Intercept 1691615.524 1 1691615.524 | 15128.042 .000 993
Exam 189.707 1 189.707 1.697 196 .016
Error 11741.085 105 111.820
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The Double Multivariate Profile Analysis shows highly significant between-subjects effect. This indicates
that the student groups (defined by our external criterion of failing or passing the final exam) differ
significantly across all factor levels (p = 0.016). We can conclude that the factor levels of the tests are
significantly different. However we cannot say which direction they differ, for example if the students
that failed the final exam scored lower or not. Also, a grouping variable with more than two levels
would not tell whether all levels are significantly different or if only a subset is different. The Profile
Plots of the Double Multivariate Profile Analysis answer this question.

Estimated Marginal Means of MEASURE_1

Exam

— Fail
— Pass

40.007]

35.00

Estimated Marginal Means

30.001

factor1

Estimated Marginal Means of MEASURE_1

Exam

— Fail
~— Pass

34.507

34.007

33.507

33.007

32.507

Estimated Marginal Means

32.007

31.507

T T T
1 2 3

factor2

We find that for both repeated measures on the mini-tests and the sample questions from the
standardized tests the double multivariate profiles are somewhat distinct—albeit more so for the
standardized test questions. The students who failed the exam scored consistently lower than the
student who passed the final exam.

In summary, a sample write-up would read as follows:

We investigated whether five repeated mini-tests that included prospective new questions for
the standardized test (three scores for math, reading, and writing) have significantly distinct
profiles. The doubly multivariate profile analysis finds that the five mini-tests are significantly
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different, and that the students who passed the exam are significantly different from the
students that failed the exam on all scores measured (five mini-tests and three standardized test
guestions. Also all two- and three-way interaction effects are significant. However due to
singularity in the covariance structures, the hypothesis could not be tested for the standardized
test questions.

Ilndependent Sample t-Test

IWhat is the Independent Sample t-Test?

The independent samples t-test is a member of the t-test family, which consists of tests that compare
mean value(s) of continuous-level(interval or ratio data), normally distributed data. The independent
samples t-test compares two means. It assumes a model where the variables in the analysis are split
into independent and dependent variables. The model assumes that a difference in the mean score of
the dependent variable is found because of the influence of the independent variable. Thus, the
independent samples t-test is an analysis of dependence. It is one of the most widely used statistical
tests, and is sometimes erroneously called the independent variable t-test.

The t-test family is based on the t-distribution, because the difference of mean score for two
multivariate normal variables approximates the t-distribution. The t-distribution and also the t-test is
sometimes also called Student’s t. Student is the pseudonym used by W. S. Gosset in 1908 to publish
the t-distribution based on his empirical findings on the height and the length of the left middle finger of
criminals in a local prison.

Within the t-test family, the independent samples t-test compares the mean scores of two groups in a
given variable, that is, two mean scores of the same variable, whereby one mean represents the average
of that characteristic for one group and the other mean represents the average of that specific
characteristic in the other group. Generally speaking, the independent samples t-test compares one
measured characteristic between two groups of observations or measurements. It tells us whether the
difference we see between the two independent samples is a true difference or whether it is just a
random effect (statistical artifact) caused by skewed sampling.

The independent samples t-test is also called unpaired t-test. It is the t-test to use when two separate
independent and identically distributed variables are measured. Independent samples are easiest
obtained when selecting the participants by random sampling.

The independent samples t-test is similar to the dependent sample t-test, which compares the mean
score of paired observations these are typically obtained when either re-testing or conducting repeated
measurements, or when grouping similar participants in a treatment-control study to account for
differences in baseline. However the pairing information needs to be present in the sample and
therefore a paired sample can always be analyzed with an independent samples t-test but not the other
way around.

Examples of typical questions that the independent samples t-test answers are as follows:
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Medicine - Has the quality of life improved for patients who took drug A as opposed to patients
who took drug B?

[ Sociology - Are men more satisfied with their jobs than women? Do they earn more?
[l Biology - Are foxes in one specific habitat larger than in another?

O Economics - Is the economic growth of developing nations larger than the economic growth of
the first world?

. Marketing: Does customer segment A spend more on groceries than customer segment B?

N The Independent Sample t-Test in SPSS

The independent samples t-test, or Student's t-test, is the most popular test to test for the difference in
means. It requires that both samples are independently collected, and tests the null hypothesis that
both samples are from the same population and therefore do not differ in their mean scores.

Our research question for the independent sample t-test is as follows:

Does the standardized test score for math, reading, and writing differ between students who
failed and students who passed the final exam?

Let's start by verifying the assumptions of the t-test to check whether we made the right choices in our

decision tree. First, we are going to create some descriptive statistics to get an impression of the
distribution. In order to do this, we open the Frequencies menu in Analyze/Descriptive
Statistics/Frequencies...
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Next we add the two groups to the list of variables. For the moment our two groups are stored in the
variable A and B. We deselect the frequency tables but add distribution parameters and the histograms
with normal distribution curve to the output.
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The histograms show quite nicely thatthe variables approximate a normal distribution and also their
distributional difference. We could continue with verifying this ‘eyeball’ test with a K-S test, however
because our sample is larger than 30,we will skip this step.
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The independent samples t-test isfound in Analyze/Compare Means/Independent Samples T-Test.
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In the dialog box of the independent samples t-test we select the variable with our standardized test
scores as the three test variables and the grouping variable is the outcome of the final exam (pass = 1 vs.
fail = 0). The independent samples t-test can only compare two groups (if your independent variable
defines more than two groups, you either would need to run multiple t-tests or an ANOVA with post hoc
tests). The groups need to be defined upfront, for that you need to click on the button Define Groups...
and enter the values of the independent variable that characterize the groups.
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The dialog box Options... allows us to define how
missing cases shall be managed (either exclude them
listwise or analysis by analysis). We can also define
the width of the confidence interval that is used to
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IThe Output of the Independent Sample t-Test

The output of the independent samples t-test consists of only two tables. The first table contains the
information we saw before when we checked the distributions. We see that the students that passed
the exam scored higher on average on all three tests. The table also displays the information you need
in order to calculate the t-test manually.

Group Statistics
Exam Exam Std. Error
N Mean Std. Deviation Mean
Test_Score Math Test .00 Fail 64 | 40.8906 7.28581 91073
1.00 Pass 43 | 70.2558 14.02904 2.13941
Test2_Score Reading .00 Fail 64 14.16 11.112 1.389
Test 1.00 Pass 43 28.63 10.885 1.660
Test3_Score Writing Test .00 Fail 64 9.45 8.071 1.009
1.00 Pass 43 25.12 9.155 1.396

We are not going to calculate the test manually because the second table nicely displays the resultsof
the independent samples t-test. If you remember there is one question from the decision tree stillleft
unanswered, and that is, “Are the groups homoscedastic?”

The output includes the Levene Test in the first two columns. The Levene test tests the null hypothesis
that the variances are homogenous (equal) in each group of the independent variable. In our example it
is highly significant for the math test and not significant for the writing and reading test. That is why we
must reject the null hypothesis for the math test and assume that the variances are not equal for the
math test. We cannot reject the null hypothesis for the reading and writing tests, so that we might
assume that the variances of these test scores are equal between the groups of students who passed
the exam and students who failed the final exam.

We find the correct results of the t-test next to it. For the math score we have to stick to the row 'Equal
variances not assumed' whereas for reading and writing we go with the 'Equal variances assumed' row.
We find that for all three test scores the differences are highly significant (p < 0.001). The table also tells
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us the 95% confidence intervals for the difference of the mean scores; none of the confidence intervals
include zero. If they did, the t-test would not be significant and we would not find a significant
difference between the groups of students.

Independent Samples Test

Levene's Test for Equality of
Variances t-test for Equality of Means
95% Confidence Interval of the
Difference
Mean Std. Error
F Sig. t df Sig. (2-tailed) Difference Difference Lower Upper

Test_Score Math Test Equal variances 20.238 .000 -14.162 105 .000 -29.36519 2.07347 -33.47649 -25.25389
assumed

Equal variances not -12.629 57.346 .000 -29.36519 2.32519 -34.02069 -24.70969
assumed

Test2_Score Reading Equal variances .004 953 -6.659 105 .000 -14.472 2173 -18.781 -10.163
Test assumed

Equal variances not -6.686 91.500 .000 -14.472 2.164 -18.771 -10.173
assumed

Test3_Score Writing Test Equal variances 662 418 -9.322 105 .000 -15.663 1.680 -18.995 -12.332
assumed

Equal variances not -9.093 82.345 .000 -15.663 1.723 -19.090 -12.237
assumed

A possible write up could be as follows:

We analyzed the standardized test scores for students who passed the final exam and students
who failed the final exam. An independent samples t-test confirms that students who pass the
exam score significantly higher on all three tests with p < 0.001 (t = 12.629, 6.686, and 9.322).
The independent samples t-test has shown that we can reject our null hypothesis that both
samples have the same mean scores for math, reading, and writing.

I One-Sample t-Test

I What is the One-Sample t-Test?

The one-sample t-test is a member of the t-test family. All the tests in the t-test family compare
differences in mean scores of continuous-level (interval or ratio), normally distributed data. The one-
sample t-test does compare the mean of a single sample. Unlike the other tests, the independent and
dependent sample t-test it works with only one mean score.

The independent sample t-test compares one mean of a distinct group to the mean of another group
from the same sample. It would examine the question, “Are old people smaller than the rest of the

population?” The dependent sample t-test compares before/after measurements, like for example, “Do
pupils’ grades improve after they receive tutoring?”

So if only a single mean is calculated from the sample what does the one-sample t-test compare the
mean with? The one-sample t-test compares the mean score found in an observed sample to a

hypothetically assumed value. Typically the hypothetically assumed value is the population mean or
some other theoretically derived value.

There are some typical applications of the one-sample t-test: 1) testing a sample a against a pre-defined

value, 2) testing a sample against an expected value, 3) testing a sample against common sense or
expectations, and 4) testing the results of a replicated experiment against the original study.
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First, the hypothetical mean score can be a generally assumed or pre-defined value. For example, a
researcher wants to disprove that the average age of retiring is 65. The researcher would draw a
representative sample of people entering retirement and collecting their ages when they did so. The
one-sample t-test compares the mean score obtained in the sample (e.g., 63) to the hypothetical test
value of 65. The t-test analyzes whether the difference we find in our sample is just due to random
effects of chance or if our sample mean differs systematically from the hypothesized value.

Secondly, the hypothetical mean score also can be some derived expected value. For instance, consider
the example that the researcher observes a coin toss and notices that it is not completely random. The
researcher would measure multiple coin tosses, assign one side of the coin a 0 and the flip side a 1. The
researcher would then conduct a one-sample t-test to establish whether the mean of the coin tosses is
really 0.5 as expected by the laws of chance.

Thirdly, the one-sample t-test can also be used to test for the difference against a commonly established
and well known mean value. For instance a researcher might suspect that the village she was born in is
more intelligent than the rest of the country. She therefore collects 1Q scores in her home village and
uses the one-sample t-test to test whether the observed 1Q score differs from the defined mean value of
100 in the population.

Lastly, the one-sample t-test can be used to compare the results of a replicated experiment or research
analysis. In such a case the hypothesized value would be the previously reported mean score. The new
sample can be checked against this mean value. However, if the standard deviation of the first
measurement is known, a proper two-sample t-test can be conducted, because the pooled standard
deviation can be calculated if the standard deviations and mean scores of both samples are known.

Although the one-sample t-test is mathematically the twin brother of the independent variable t-test,
the interpretation is somewhat different. The one-sample t-test checks whether the mean score in a
sample is a certain value, the independent sample t-test checks whether an estimated coefficient is
different from zero.

EThe One-Sample t-Test in SPSS

The one-sample t-test does compare the mean of a single sample. Unlike the independent and dependent
sample t-test, the one-sample t-test works with only one mean score. The one-sample t-test compares the
mean score found in an observed sample to a hypothetically assumed value. Typically the hypothetically
assumed value is the population mean or some other theoretically derived value.
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The statement we will examine for the one-sample t-test is as follows: The average age in our student
sample is 9% years.
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shows that small values and large values somewhat deviate from normality. As a check we can run a K-S
Test to tests the null hypothesis that the variable is normally distributed. We find that the K-S Test is not
significant thus we cannot reject HO and we might assume that the variable age is normally distributed.
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One-Sample Kolmogorov-Smirnov Test
Age Age
N 107
Normal Parameters?® ® Mean 10.0000
Std. Deviation 49998
Most Exreme Differences ~ Absolute 092
Positive 092
Negative -.066
Kolmogorov-Smirnov Z 950
Asymp. Sig. (2-tailed) 327

a. Test distribution is Normal.
b. Calculated from data.

Let's move on to the one-sample t-test, which can be found in Analyze/Compare Means/One-Sample T-
Test...
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The one-sample t-test dialog box is fairly simple. We add the test variable age to the list of Test
Variables and enter the Test Value. In our case the hypothetical test value is 9.5. The dialog Options...
gives us the setting how to manage missing values and also the opportunity to specify the width of the
confidence interval used for testing.
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IThe Output of the One-Sample t-Test

The output of the one-sample t-test consists of One-Sample Statistics
only two tables. The first table shows the Std. Error

.. .. . . N Mean Std. Deviation Mean
descriptive statistics we examined previously. e Age 797 1 700000 25995 YT

The second table contains the actual one-sample t-test statistics. The output shows for each variable
the sample t-value, degrees of freedom, two-tailed test of significance, mean difference, and the
confidence interval.
One-Sample Test

TestValue =9.5

95% Confidence Interval of the
Difference
Mean
t df Sig. (2-tailed) Difference Lower Upper
Age Age 10.344 106 .000 49997 4041 5958

The one-sample t-test can now test our hypothesis that:
H1: The sample is significantly different from the general population because its mean score is not 9.50.
HO: The sample is from the general population, which has a mean score for age of 9.50.

In summary, a possible write up could read as follows:

The hypothesis that the students have an average age of 9.5 years was tested with a one-sample
t-test. The test rejects the null hypothesis with p <.001 with a mean difference of 0.50. Thus we
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can assume that the sample has a significantly different mean than 9.5 and the hypothesis is not
true.

IDependent Sample t-Test

IWhat is the Dependent Sample t-Test?

The dependent sample t-test is a member of the t-test family. All tests from the t-test family compare
one or more mean scores with each other. The t-test family is based on the t-distribution, sometimes
also called Student's t. Student is the pseudonym used by W. S. Gosset in 1908 to publish the t-
distribution based on his empirical findings on the height and the length of the left middle finger of
criminals in a local prison.

Within the t-test family the dependent sample t-test compares the mean scores of one group in
different measurements. It is also called the paired t-test, because measurements from one group must
be paired with measurements from the other group. The dependent sample t-test is used when the
observations or cases in one sample are linked with the cases in the other sample. This is typically the
case when repeated measures are taken, or when analyzing similar units or comparable specimen.

Making repeated measurements or pairing observations is very common when conducting experiments
or making observations with time lags. Pairing the measured data points is typically done in order to
exclude any cofounding or hidden factors (cf. partial correlation). It is also often used to account for
individual differences in the baselines, for example pre-existing conditions in clinical research. Consider
the example of a drug trial where the participants have individual differences that might have an impact
on the outcome of the trial. The typical drug trial splits all participants into a control and the treatment
group. The dependent sample t-test can correct for the individual differences or baselines by pairing
comparable participants from the treatment and control group. Typical grouping variables are easily
obtainable statistics such as age, weight, height, blood pressure. Thus the dependent-sample t-test
analyzes the effect of the drug while excluding the influence of different baseline levels of health when
the trial began.

Pairing data points and conducting the dependent sample t-test is a common approach to establish
causality in a chain of effects. However, the dependent sample t-test only signifies the difference
between two mean scores and a direction of change—it does not automatically give a directionality of
cause and effect.

Since the pairing is explicitly defined and thus new information added to the data, paired data can
always be analyzed with the independent sample t-test as well, but not vice versa. A typical guideline to
determine whether the dependent sample t-test is the right test is to answer the following three
questions:

Is there a direct relationship between each pair of observations (e.g., before vs. after scores on
the same subject)?
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Are the observations of the data points definitely not random (e.g., they must not be randomly
selected specimen of the same population)?

Do both samples have to have the same number of data points?
If the answer is yes to all three of these questions the dependent sample t-test is the right test,
otherwise use the independent sample t-test. In statistical terms the dependent samples t-test requires

that the within-group variation, which is a source of measurement errors, can be identified and
excluded from the analysis.

I The Dependent Sample t-Test in SPSS

Our research question for the dependent sample t-test is as follows:

Do students aptitude test1 scores differ from their aptitude test2 scores?

The dependent samples t-test is found in Analyze/Compare Means/Paired Samples T Test...
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We need to specify the paired variable
in the dialog box for the dependent
samples t-test. We need to inform SPSS
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the pairing is the case number, i.e. that case number 1 is a pair of measurements between variable 1
and 2.

Although we could specify multiple dependent samples t-test that are executed at the same time, our
example only looks at the first and the second aptitude test. Thus we drag & drop 'Aptitude Test 1' into
the cell of pair 1 and variable 1, and 'Aptitude Test 2' into the cell pair 1 and variable 2. The Options...
button allows to define the width of the control interval and how missing values are managed. We
leave all settings as they are.

EThe Output of the Dependent Sample t-Test

The output of the dependent samples t-test consists of only three tables. The first table shows the
descriptive statistics of the before and after variable. Here we see that on average the aptitude test
score decreased from 29.44 to 24.67, not accounting for individual differences in the baseline.

Paired Samples Statistics

Std. Error
Mean N Std. Deviation Mean
Pair1  Apt1 Aptitude Test 1 29.44 107 9.370 .906
Apt2 Aptitude Test 2 24.67 107 7.864 .760

The second table in the output of the dependent samples t-test shows the correlation analysisbetween
the paired variables. This result is not part of any of the other t-tests in the t-test family. Thepurpose of
the correlation analysis is to show whether the use of dependent samples can increase the reliability of
the analysis compared to the independent samples t-test. The higher the correlation coefficientthe
stronger the strength of association between both variable and thus the higher the impact ofpairing the
data compared to conducting an unpaired t-test. In our example the Pearson's bivariate correlation
analysis finds a medium negative correlation that is significant with p < 0.001. We can therefore assume
that pairing our data has a positive impact on the power of t-test.

Paired Samples Correlations

N Correlation Sig.

Pair1  Apt1 Aptitude Test1 & 107 -499 .000
Apt2 Aptitude Test 2

The third table contains the actual dependent sample t-statistics. The table includes themean of the
differences Before-After, the standard deviation of that difference, the standard error, the t-value, the
degrees of freedom, the p-value and the confidence interval for the difference of the mean scores.
Unlike the independent samples t-test it does not include the Levene Test for homoscedasticity.
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Paired Samples Test

Paired Differences

95% Confidence Interval of the
Difference

Std. Error
Mean Std. Deviation Mean Lower Upper t df Sig. (2-tailed)

Pair1  Apt1 Aptitude Test 1 - Apt2 4.766 14.939 1.444 1.903 7.630 3.300 106 .001
Aptitude Test 2

In our example the dependent samples t-test shows that aptitude scores decreased on average by 4.766
with a standard deviation of 14.939. This results in a t-value of t = 3.300 with 106 degrees of freedom.
The t-test is highly significant with p = 0.001. The 95% confidence interval for the average difference of
the meanis [1.903, 7.630].

An example of a possible write-up would read as follows:

The dependent samples t-test showed an average reduction in achieved aptitude scores by 4.77
scores in our sample of 107 students. The dependent sample t-test was used to account for
individual differences in the aptitude of the students. The observed decrease is highly significant
(p =.001).Therefore, we can reject the null hypothesis that there is no difference in means and
can assume with 99.9% confidence that the observed reduction in aptitude score can also be
found in the general population. With a 5% error rate we can assume that the difference in
aptitude scores will be between 1.90 and 7.63.

I Mann-Whitney U-Test

IWhat is the Mann-Whitney U-Test?

The Mann-Whitney or U-test, is a statistical comparison of the mean. The U-test is a member of the bigger
group of dependence tests. Dependence tests assume that the variables in the analysis can be split into
independent and dependent variables. A dependence tests that compares the mean scores of an
independent and a dependent variable assumes that differences in the mean score of the dependent
variable are caused by the independent variable. In most analyses the independent variable is also called
factor, because the factor splits the sample in two or more groups, also called factor steps.

Other dependency tests that compare the mean scores of two or more groups are the F-test, ANOVA
and the t-test family. Unlike the t-test and F-test, the Mann-Whitney U-test is a non-paracontinuous-
level test. That means that the test does not assume any properties regarding the distribution of the
underlying variables in the analysis. This makes the Mann-Whitney U-test the analysis to use when
analyzing variables of ordinal scale. The Mann-Whitney U-test is also the mathematical basis for the H-
test (also called Kruskal Wallis H), which is basically nothing more than a series of pairwise U-tests.
Because the test was initially designed in 1945 by Wilcoxon for two samples of the same size and in
1947 further developed by Mann and Whitney to cover different sample sizes the test is also called
Mann—-Whitney—Wilcoxon (MWW), Wilcoxon rank-sum test, Wilcoxon—-Mann-Whitney test, or Wilcoxon
two-sample test.
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The Mann-Whitney U-test is mathematically identical to conducting an independent sample t-test (also
called two-sample t-test) with ranked values. This approach is similar to the step from Pearson's
bivariate correlation coefficient to Spearman's rho. The U-test, however, does apply a pooled ranking of
all variables.

The U-test is a non-paracontinuous-level test, in contrast to the t-tests and the F-test; it does not
compare mean scores but median scores of two samples. Thus it is much more robust against outliers
and heavy tail distributions. Because the Mann-Whitney U-test is a non-paracontinuous-level test it
does not require a special distribution of the dependent variable in the analysis. Thus it is the best test
to compare mean scores when the dependent variable is not normally distributed and at least of ordinal
scale.

For the test of significance of the Mann-Whitney U-test it is assumed that with n > 80 or each of the two
samples at least > 30 the distribution of the U-value from the sample approximates normal distribution.
The U-value calculated with the sample can be compared against the normal distribution to calculate
the confidence level.

The goal of the test is to test for differences of the media that are caused by the independent variable.
Another interpretation of the test is to test if one sample stochastically dominates the other sample.
The U-value represents the number of times observations in one sample precede observations in the
other sample in the ranking. Which is that with the two samples X and Y the Prob(X>Y) > Prob(Y>X).
Sometimes it also can be found that the Mann-Whitney U-test tests whether the two samples are from
the same population because they have the same distribution. Other non-paracontinuous-level tests to
compare the mean score are the Kolmogorov-Smirnov Z-test, and the Wilcoxon sign test.

N The Mann-Whitney U-Test in SPSS

The research question for our U-Test is as follows:
Do the students that passed the exam achieve a higher grade on the standardized reading test?

The question indicates that the independent variable is whether the students have passed the final
exam or failed the final exam, and the dependent variable is the grade achieved on the standardized
reading test (A to F).

The Mann-Whitney U-Test can be found in Analyze/Nonparacontinuous-level Tests/Legacy Dialogs/2
Independent Samples...
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In the dialog box for the nonparacontinuous-level two independent samples test, we select the ordinal
test variable 'mid-term exam 1', which contains the pooled ranks, and our nominal grouping variable
'Exam’'. With a click on 'Define Groups...' we need to specify the valid values for the grouping variable
Exam, which in this case are 0 = fail and 1 = pass.
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We also need to select the Test Type. The Mann-Whitney U-Test is marked by default. Like the Mann-
Whitney U-Test, the Kolmogorov-Smirnov Z-Test and the Wald-Wolfowitz runs-test have the null
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hypothesis that both samples are from the same population. Moses extreme reactions test has a different
null hypothesis: the range of both samples is the same.

The U-test compares the ranking, Z-test compares the differences in distributions, Wald-Wolfowitz
compares sequences in ranking, and Moses compares the ranges of the two samples. The Kolmogorov-
Smirnov Z-Test requires continuous-level data (interval or ratio scale), the Mann-Whitney U-Test, Wald-
Wolfowitz runs, and Moses extreme reactions require ordinal data.

If we select Mann-Whitney U, SPSS will calculate the U-value and Wilcoxon's W, which the sum of the
ranks for the smaller sample. If the values in the sample are not already ranked, SPSS will sort the
observations according to the test variable and assign ranks to each observation. The dialog box Exact...

allows us to specify an exact non-paracontinuous-level test of significance and the
dialog box Options... defines how missing values are managed and if SPSS should output additional
descriptive statistics.

EThe Output of the Mann-Whitney U-Test

The U-test output Ranks

contains only two Exam Exam N Mean Rank | Sum of Ranks
tables. The first Grade2 Grade on 00 Fail 64 67.80 4339.50
table shows the Reading Test 100 Pass 43 33.45 1438.50
descriptive Total 107

statistics for both

groups, including the sample size, the mean ranking, standard deviation of the rankings and the range of
ranks. The descriptive statistics are the same for all nonparacontinuous-level two-sample tests. Our U-
test is going to compare the mean ranks, which we find are higher for the students who failed the exam.
Remember that grade A =rank 1 to F =rank 6.

The second table shows the actual test results. The SPSS

output contains the Mann-Whitney U, which is the sum of
the sum of the ranks for both variables, plus the maximum

Test Statistics?

sum of ranks, minus the sum of ranks for the first sample. In Géﬁdp‘fga%ﬁge
our case U=492.5 and W = 1438.5, which results in a Z-Value Test

of -5.695. The test value z is approximately normally Mann-Whitney U 492.500
distributed for large samples, so that p = 0.000. We know Wilcoxon W 1438.500
that the critical z-value for a two-tailed test is 1.96 and a z -5.695
one-tailed test 1.645. Thus the observed difference in Asymp. Sig. (2-tailed) 000

grading is statistically significant. a. Grouping Variable: Exam Exam

In summary, a write-up of the test could read as follows:

In our observation, 107 pupils were graded on a standardized reading test (grades A to F). Later
that year the students wrote a final exam. We analyzed the question whether the students who
passed the final exam achieved a better grade in the standardized reading test than the students
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who failed the final exam. The Mann-Whitney U-test shows that the observed difference
between both groups of students is highly significant (p < 0.001, U = 492.5). Thus we can reject
the null hypothesis that both samples are from the same population, and that the observed
difference is not only caused by random effects of chance.

IWiIcox Sign Test

IWhat is the Wilcox Sign Test?

The Wilcox Sign test or Wilcoxon Signed-Rank test is a statistical comparison of the average of two
dependent samples. The Wilcox sign test is a sibling of the t-tests. It is, in fact, a non-paracontinuous-
level alternative to the dependent samples t-test. Thus the Wilcox signed rank test is used in similar
situations as the Mann-Whitney U-test. The main difference is that the Mann-Whitney U-test tests two
independent samples, whereas the Wilcox sign test tests two dependent samples.

The Wilcox Sign test is a test of dependency. All dependence tests assume that the variables in the
analysis can be split into independent and dependent variables. A dependence tests that compares the
averages of an independent and a dependent variable assumes that differences in the average of the
dependent variable are caused by the independent variable. Sometimes the independent variable is
also called factor because the factor splits the sample in two or more groups, also called factor steps.

Dependence tests analyze whether there is a significant difference between the factor levels. The t-test
family uses mean scores as the average to compare the differences, the Mann-Whitney U-test uses
mean ranks as the average, and the Wilcox Sign test uses signed ranks.

Unlike the t-test and F-test the Wilcox sign test is a non-paracontinuous-level test. That means that the
test does not assume any properties regarding the distribution of the underlying variables in the
analysis. This makes the Wilcox sign test the analysis to conduct when analyzing variables of ordinal
scale or variables that are not multivariate normal.

The Wilcox sign test is mathematically similar to conducting a Mann-Whitney U-test (which is sometimes
also called Wilcoxon two-sample t-test). It is also similar to the basic principle of the dependent samples
t-test, because just like the dependent samples t-test the Wilcox sign test, tests the difference of
observations.

However, the Wilcoxon signed rank test pools all differences, ranks them and applies a negative sign to
all the ranks where the difference between the two observations is negative. This is called the signed
rank. The Wilcoxon signed rank test is a non-paracontinuous-level test, in contrast to the dependent
samples t-tests. Whereas the dependent samples t-test tests whether the average difference between
two observations is 0, the Wilcox test tests whether the difference between two observations has a
mean signed rank of 0. Thus it is much more robust against outliers and heavy tail distributions.

Because the Wilcox sign test is a non-paracontinuous-level test it does not require a special distribution
of the dependent variable in the analysis. Therefore it is the best test to compare mean scores when
the dependent variable is not normally distributed and at least of ordinal scale.
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For the test of significance of Wilcoxon signed rank test it is assumed that with at least ten paired
observations the distribution of the W-value approximates a normal distribution. Thus we can
normalize the empirical W-statistics and compare this to the tabulated z-ratio of the normal distribution
to calculate the confidence level.

The Wilcox Sign Test in SPSS

Our research question for the Wilcox Sign Test is as follows:

Does the before-after measurement of the first and the last mid-term exam differ between the
students who have been taught in a blended learning course and the students who were taught
in a standard classroom setting?

We only measured the outcome of the mid-term exam on an ordinal scale (grade A to F); therefore a
dependent samples t-test cannot be used. This is such because we do not assume that the distribution
approximates a normal distribution. Also both measurements are not independent from each other and
therefore we cannot use the Mann-Whitney U-test.

The Wilcox sign test can be found in Analyze/Nonparacontinuous-level Tests/Legacy Dialog/2 Related
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In the next dialog box for the
nonparacontinuous-level two dependent
samples tests we need to define the paired
observations. We enter 'Grade on Mid-Term
Exam 1' as variable 1 of the first pair and 'Grade
on Mid-Term Exam 2' as Variable 2 of the first
pair. We also need to select the Test Type. The
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Wilcoxon — The Wilcoxon signed rank test has

the null hypothesis that both samples are from the same population. The Wilcoxon test creates a
pooled ranking of all observed differences between the two dependent measurements. It uses the
standard normal distributed z-value to test of significance.

Sign — The sign test has the null hypothesis that both samples are from the same population. The sign
test compares the two dependent observations and counts the number of negative and positive
differences. It uses the standard normal distributed z-value to test of significance.

McNemar — The McNemar test has the null hypothesis that differences in both samples are equal for
both directions. The test uses dichotomous (binary) variables to test whether the observed differences
in a 2x2 matrix including all 4 possible combinations differ significantly from the expected count. It uses
a Chi-Square test of significance.

Marginal Homogeneity — The marginal homogeneity test has the null hypothesis that the differences in
both samples are equal in both directions. The test is similar to the McNemar test, but it uses nominal
variables with more than two levels. It tests whether the observed differences in a n*m matrix including
all possible combinations differ significantly from the expected count. It uses a Chi-Square test of
significance.

If the values in the sample are not already ranked, SPSS will sort the observations according to the test
variable and assign ranks to each observation, correcting for tied observations. The dialog box Exact...
allows us to specify an exact test of significance and the dialog box Options... defines how missing values
are managed and if SPSS should output additional descriptive statistics.

IThe Output of the Wilcox Sign Test

The output of the Wilcox sign test only contains two tables. The first table contains all statistics that are
required to calculate the Wilcoxon signed ranks test's W. These are the sample size and the sum of
ranks. It also includes the mean rank, which is not necessary to calculate the W-value but helps with the
interpretation of the data.
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In our example we see that 107*2 observations were made for Exam 1 and Exam 2. The Wilcox Sign
Test answers the question if the difference is significantly different from zero, and therefore whether

the observed difference in mean ranks (39.28 vs. 30.95) can also be found in the general population.

Ranks
N Mean Rank | Sum of Ranks
Ex2 Grade on Mid-Term Negative Ranks 292 39.28 1139.00
Exam 2 - Ex1 Grade on .
Mid-Term Exam 1 Positive Ranks 39° 30.95 1207.00
Ties 39°¢
Total 107

a. Ex2 Grade on Mid-Term Exam 2 < Ex1 Grade on Mid-Term Exam 1
b. EX2 Grade on Mid-Term Exam 2 > Ex1 Grade on Mid-Term Exam 1
c. Ex2 Grade on Mid-Term Exam 2 = Ex1 Grade on Mid-Term Exam 1

The answer to the test question is in the second table
which contains the test of significance statistics. The SPSS

Test Statistics®

output contains the z-value of 0.832, which is smaller than Ex2 Grade on
" . Mid-Term
the critical test value of 1.96 for a two-tailed test. The Exam 2 - Exi
test value z is approximately normally distributed for large Grade on Mid-
T Term Exam 1

samples that are n > 10, so that p =.832, which indicates > 170
that we cannot reject the null hypothesis. We cannot say '

. . . . Sig. (2-tail .832
that there is a significance difference between the grades Asymp. Sig. (2-tailed) &
achieved in the first and the last mid-term exam when we a. Based on negative ranks.

account for individual differences in the baseline.

In summary, a possible write-up of the test could read as follows:

b. Wilcoxon Signed Ranks Test

One-hundred and seven pupils learned with a novel method. A ‘before and after’ measurement
of a standardized test for each student was taken on a classical grading scale from A (rank 1) to

F (rank 6). The results seem to indicate that the after measurements show a decrease in test

scores (we find more positive ranks than negative ranks). However, the Wilcoxon signed rank
test shows that the observed difference between both measurements is not significant when we
account for the individual differences in the baseline (p =.832). Thus we cannot reject the null

hypothesis that both samples are from the same population, and we might assume that the

novel teaching method did not cause a significant change in grades.
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HAPTER 6: Predictive Analyses

ILinear Regression

IWhat is Linear Regression?

Linear regression is the most basic and commonly used predictive analysis. Regression estimates are
used to describe data and to explain the relationship between one dependent variable and one or more
independent variables. At the center of the regression analysis is the task of fitting a single line through
a scatter plot. The simplest form with one dependent and one independent variable is defined by the
formulay =a + b*x.

Sometimes the dependent variable is also called endogenous variable, prognostic variable or
regressand. The independent variables are also called exogenous variables, predictor variables or
regressors. However Linear Regression Analysis consists of more than just fitting a linear line through a
cloud of data points. It consists of 3 stages: 1) analyzing the correlation and directionality of the data,
2) estimating the model, i.e., fitting the line, and 3) evaluating the validity and usefulness of the model.

There are three major uses for Regression Analysis: 1) causal analysis, 2) forecasting an effect, 3) trend
forecasting. Other than correlation analysis, which focuses on the strength of the relationship between
two or more variables, regression analysis assumes a dependence or causal relationship between one or
more independent and one dependent variable.

Firstly, it might be used to identify the strength of the effect that the independent variable(s) have on a
dependent variable. Typical questions are what is the strength of relationship between dose and effect,
sales and marketing spending, age and income.

Secondly, it can be used to forecast effects or impacts of changes. That is, regression analysis helps us
to understand how much the dependent variable will change when we change one or more
independent variables. Typical questions are, “How much additional Y do | get for one additional unit of
X?”.

Thirdly, regression analysis predicts trends and future values. The regression analysis can be used to get
point estimates. Typical questions are, “What will the price for gold be 6 month from now?” “What is
the total effort for a task X?“

IThe Linear Regression in SPSS

The research question for the Linear Regression Analysis is as follows:

In our sample of 107 students can we predict the standardized test score of reading when we
know the standardized test score of writing?

The first step is to check whether there is a linear relationship in the data. For that we check the scatter
plot (Graphs/Chart Builder...). The scatter plot indicates a good linear relationship, which allows us to
conduct a linear regression analysis. We can also check the Pearson's Bivariate Correlation
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(Analyze/Correlate/Bivariate...) and find that both variables are strongly correlated (r = .645 with p <

.001).

Reading Test

Correlations

Test2_Score Test3_Score
Reading Test Writing Test
Test2_Score Reading Pearson Correlation 1 645"
Test Sig. (2-tailed) .000
N 107 107
Test3_Score Writing Test ~ Pearson Correlation 645™ 1
Sig. (2-tailed) .000
N 107 107

0 10 2 B )
Writing Test

**_ Correlation is significant atthe 0.01 level (2-tailed).

Secondly, we need to check for multivariate normality. We have a look at the Q-Q-Plots
(Analyze/Descriptive statistics/Q-Q-Plots...) for both of our variables and see that they are not perfect,

but it might be close enough.

Expected Normal Value

Expected Normal Value

Normal Q-Q Plot of Reading Test

Observed Value

Normal Q-Q Plot of Writing Test

50

401

30

20

T T T T T

0 10 20 30 40

Observed Value
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We can check our ‘eyeball’ test with the 1-Sample Kolmogorov-Smirnov test (Analyze/Non

Paracontinuous-level Tests/Legacy Dialogs/1-Sample K-S...). The test has the null hypothesis that the
variable approximates a normal distribution. The results confirm that reading score can be assumed to

be multivariate normal (p = 0.474)
while the writing test is not (p =
0.044). To fix this problem we
could try to transform the writing
test scores using a non-linear
transformation (e.g., log).
However, we do have a fairly large
sample in which case the linear
regression is quite robust against
violations of normality. It may
report too optimistic t-values and
F-values.

One-Sample Kolmogorov-Smirnov Test

Test2_Score Test3_Score

Reading Test Writing Test
N 107 107
Normal Parameters? © Mean 19.97 15.75
Std. Deviation 13.082 11.465
Most Extreme Differences ~ Absolute .082 134
Positive .082 134
Negative -.063 -.085
Kolmogorov-Smirnov Z 844 1.382
Asymp. Sig. (2-tailed) AT4 044

a. Test distribution is Normal.

b. Calculated from data.

We now can conduct the linear regression analysis. Linear regression is found in SPSS in

Analyze/Regression/Linear...

£ ‘Education Bample. sav [DataSetd) - PASW Statistics Data Edstor

Fle Ed Wiew Dete Trensform Analvze Grophs  Lhilies Addons Window Help

= = =] P Reports 3 B 555 Pung T =t N AB
— H = S peseritve stwisties » |ala "';1: | aA md & “; b] )
| Marmg Tyg Tatdes L | Label Walugs Missing Calurnns Align Measure
X% Test2 1 Murneri| Compars Maans L MNang None 8 =M Right & Scale =
i Test2 2 Murrigrij  General Linear Model » Mang Mone ] = Right & Scale
p.] Test2 3 Murnenl Genersized Linear Moceis Mong Mone 8 M Right & Seale
-] Test3 1 Murrigri| Mixed Modelz s Mang Nong ] 3 Right & Scale
30 Test3 2 Muprign|  Correlate ; Naone Mo f 3 Right & Stale
31 Test3 3 MNurnen| Lol Y E Lingar None 8 =M Right & Scale
Er] Testd_1 Mlurreri| Egginas r [ curve Exsmation Wong 8 3 Right # Scale
3 Tastd_2 Murrieri| Cfussn_w = : 8 pactiai Loast Sipiares... Mong ] 3 Right & Seale
34 Testd 3 Nurneri| oo I8 3 Wong ] M Right & Scale
= = 1 Seae ¥ [ By Logstic £ = P
LE Murme = g s Mone kit cale
= e honparametric Tests b | B Mnitinomisl Logistic.. - |
36 Tests 2 Nurmeri| ml b | B ouon Nong ] M Right & Scale
i Test5_3 Numed ’ R i Mone ] = Right # Scale
3B weight Murren| ;HP‘G Paeores f 5 prota Mone 10 M Right & Scale
] height 1l i g Honnear h 10 Right Scal
2ig e B e s ik - = . one 3 Rig| & Scale |
Muiple imputation 3 = ) |
Comple Samlos v | 2-otapeLenst squares !
sty Condrol » Opttimal Scaling (CATREG)... |
B roc curye...
Amos 18
e ——————————————________|'| |

To answer our simple research question we just need to add the Math Test Score as the dependent
variable and the Writing Test Score as the independent variable. The menu Statistics... allows us to
include additional information that we need to assess the validity of our linear regression analysis. In
order to assess autocorrelation (especially if we have time series data) we add the Durbin-Watson Test,
and to check for multicollinearity we add the Collinearity diagnostics.
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IThe Output of the Linear Regression Analysis

The output's first table shows the model summary and overall fit statistics. We find that the adjusted R?
of our model is .333 with the R? = .339. This means that the linear regression explains 33.9% of the
variance in the data. The adjusted R? corrects the R? for the number of independent variables in the
analysis, thus it helps detect over-fitting, because every new independent variable in a regression model
always explains a little additional bit of the variation, which increases the R%. The Durbin-Watson d =
2.227 is between the two critical values of 1.5 < d < 2.5, therefore we can assume that there is no first
order linear autocorrelation in the data.
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Model Summary®

Model Adjusted R Std. Error of Durbin-
R R Square Square the Estimate Watson
1 5822 339 333 14.58556 2.227

a. Predictors: (Constant), Test2_Score Reading Test

b. Dependent Variable: Test Score Math Test

The next table is the F-test. The linear regression's F-test has the null hypothesis that there is no linear
relationship between the two variables (in other words R%=0). With F(1, 105) = 53.828 and p < .001,the

test is highly significant, thus we can assume that there is a linear relationship between the variables in
our model.

ANOVAP
Model Sum of
Squares df Mean Square F Sig.
1 Regression 11451.281 1 11451.281 53.828 .000°
Residual 22337.541 105 212.738
Total 33788.822 106

a. Predictors: (Constant), Test2_Score Reading Test

b. Dependent Variable: Test_Score Math Test

The next table shows the regression coefficients, the intercept, and the significance of all coefficients
and the intercept in the model. We find that our linear regression analysis estimates the linear
regression function to be y = 36.824 + .795* x. This means that an increase in one unit of x results in an
increase of .795 units of y. The test of significance of the linear regression analysis tests the null
hypothesis that the estimated coefficient is 0. The t-test finds that both intercept and variable are
highly significant (p < .001) and thus we might say that they are significantly different from zero.

Coefficients?
Model Standardized
Unstandardized Coefficients Coefficients 95.0% Confidence Interval for B | Collinearity Statistics
B Std. Error Beta t Sig. LowerBound | UpperBound | Tolerance VIF
1 (Constant) 36.824 2582 14.263 .000 31.704 41.943
$es£2_8core Reading 795 108 582 7.337 .000 580 1.009 1.000 1.000
es

a. Dependent Variable: Test_Score Math Test

This table also includes the Beta weights. Beta weights are the standardized coefficients and they allow
comparing of the size of the effects of different independent variables if the variables have different
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units of measurement. The table also includes the collinearity statistics. However, since we have only
one independent variable in our analysis we do not pay attention to neither of the two values.

The last thing we need to check is the homoscedasticity and normality of residuals. The scatterplot

indicates constant variance. The P-P Plot of z*pred and z*presid shows us that in our linear regression
analysis there is no tendency in the error terms.

Scatterplot Normal P-P Plot of Regression Standardized Residual
Dependent Variable: Math Test Dependent Variable: Math Test
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In summary, a possible write-up could read as follows:

We investigated the relationship between the reading and writing scores achieved on our
standardized tests. The correlation analysis found a medium positive correlation between the
two variables (r = 0.645). We then conducted a simple regression analysis to further
substantiate the suspected relationship. The estimated regression model is Math Score = 36.824
+.795* Reading Score with an adjusted R? of 33.3%; it is highly significant with p <.001 and F(1,
105) = 53.828. The standard error of the estimate is 14.58556. Thus we can not only show a
positive linear relationship, and we can also conclude that for every additional reading score
achieved the math score will increase by approximately .795 units.

IMuItipIe Linear Regression

IWhat is Multiple Linear Regression?

Multiple linear regression is the most common form of the regression analysis. As a predictive analysis,
multiple linear regression is used to describe data and to explain the relationship between one
dependent variable and two or more independent variables.

At the center of the multiple linear regression analysis lies the task of fitting a single line through a

scatter plot. More specifically, the multiple linear regression fits a line through a multi-dimensional
cloud of data points. The simplest form has one dependent and two independent variables. The
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general form of the multiple linear regression is definedasy 0 1 xi2 2 xi2 ... p xinfori

=1..n.

Sometimes the dependent variable is also called endogenous variable, criterion variable, prognostic

variable or regressand. The independent variables are also called exogenous variables, predictor
variables or regressors.

Multiple Linear Regression Analysis consists of more than just fitting a linear line through a cloud of data
points. It consists of three stages: 1) analyzing the correlation and directionality of the data, 2)
estimating the model, i.e., fitting the line, and 3) evaluating the validity and usefulness of the model.

There are three major uses for Multiple Linear Regression Analysis: 1) causal analysis, 2) forecasting an
effect, and 3) trend forecasting. Other than correlation analysis, which focuses on the strength of the
relationship between two or more variables, regression analysis assumes a dependence or causal
relationship between one or more independent and one dependent variable.

Firstly, it might be used to identify the strength of the effect that the independent variables have on a
dependent variable. Typical questions would seek to determine the strength of relationship between
dose and effect, sales and marketing spend, age and income.

Secondly, it can be used to forecast effects or impacts of changes. That is to say, multiple linear
regression analysis helps us to understand how much the dependent variable will change when we
change the independent variables. A typical question would be “How much additional Y do | get for one
additional unit X?”

Thirdly, multiple linear regression analysis predicts trends and future values. The multiple linear

regression analysis can be used to get point estimates. Typical questions might include, “What will the
price for gold be six months from now? What is the total effort for a task X?”

lThe Multiple Linear Regression in SPSS
Our research question for the multiple linear regression is as follows:

Can we explain the reading score that a student achieved on the standardized test with the five
aptitude tests?

First, we need to check whether there is a linear relationship between the independent variables and

the dependent variable in our multiple linear regression model. To do so, we check the scatter plots.
We could create five individual scatter plots using the Graphs/Chart Builder... Alternatively we can use
the Matrix Scatter Plot in the menu Graphs/Legacy Dialogs/Scatter/Dot...
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The scatter plots indicate a good linear relationship between writing score and the aptitude tests 1 to 5,
where there seems to be a positive relationship for aptitude test 1 and a negative linear relationship for
aptitude tests 2 to 5.

Test

Test1

Test2

Test3

Test4

Test5

Aptitude Aptitude Aptitude Aptitude Aptitude Reading

Reading Aptltude Aptitude Aptitude Aptitude Aptitude
Test Test1 Test 2 Test3 Test4 Test5

Secondly, we need to check for multivariate normality. This can either be done withan ‘eyeball’ test on
the Q-Q Plots or by using the 1-Sample K-S test to test the null hypothesis that the variable
approximates a normal distribution. The K-S test is not significant for all variables, thus we can assume
normality.
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One-Sample Kolmogorov-Smirnov Test

Test2_Score | Aptl Aptitude | Apt2 Aptitude | Apt3 Aptitude | Aptd Aptitude | Apt5 Aptitude

Reading Test Test1 Test2 Test3 Test4 Testb
N 107 107 107 107 107 107
Normal Parameters® ® Mean 19.97 29.44 2467 26.27 31.02 29.49
Std. Deviation 13.082 9.370 7.864 7.020 6.103 7.846
Most Extreme Differences  Absolute 082 106 .084 084 091 084
Positive 082 057 054 084 091 057
Negative -.063 -.106 -.084 -.047 -.061 -084
Kolmogorov-Smirnov Z 844 1.096 873 .866 938 865
Asymp. Sig. (2-tailed) AT4 181 430 442 342 443

a. Test distribution is Normal.

b. Calculated from data.

Multiple linear regression is found in SPSS in Analyze/Regression/Linear...
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To answer our research question we
need to enter the variable reading
scores as the dependent variable in our
multiple linear regression model and
the aptitude test scores (1 to 5) as
independent variables. We also select
Stepwise as the method. The default
method for the multiple linear
regression analysis is 'Enter’, which
means that all variables are forced to
be in the model. But since over-fitting
is a concern of ours, we want only the
variables in the model that explain
additional variance. Stepwise means
that the variables are entered into the
regression model in the order of their
explanatory power.

= -
ui Linear Regression

Dependent:

& Math Test [Test Sc... |~
& wirting Test [Test3_.,
@b Gender [Gender]

& Aptiude Test 1 [Apt1]
& Apttude Test 2 [Apt2]
& Aptiude Test 3[Apt3]
& Agttude Test 4 [Aptd]
& aptaude Test 5 [Apts]
@ Exam [Exam]

ol Grade on Math Test .
il Grade on Reading T
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In the field Options... we can define the criteria for stepwise inclusion in the model. We want to include

variables in our multiple linear regression model that increase F by at least 0.05 and we want to exclude
them again if the increase F by less than 0.1. This dialog box also allows us to manage missing values

(e.g., replace them with the mean).

§i Linear Regre...

Stepping Method Criteria
@ U=e probability of F

Entry:
©) Use F value

2 Include constant in equation
Mizzing Valuss

@ Exclude cases listwise
) Exclude cases pairwise

) Replace with mean

s Femoval |10 |

[Cnntinue,] Lliansek ][ Helg

— T
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The dialog Statistics... allows us to include additional statistics that we need to assess the validity of our
linear regression analysis. Even though it is not a time series, we include Durbin-Watson to check for
autocorrelation and we include the collinearity that will check for autocorrelation.

ﬁi Linear Regression: Statistics @[

rRegression Coefficients =
: o Model fit

___ R squared chanoe

E Confidence intervals

- Dezcriptives
Lewell %) ___ Part and partial correlations
| Cowariance matri _-ul' Calinearity diagnostics

Residuals
_J_' Durbin-Watson
__ Cazewise diagnostics

@

[Continue][ Cancel ][ Help ]

In the dialog Plots..., we add the standardized residual plot (ZPRED on x-axisand ZRESID on y-axis), which
allows us to eyeball homoscedasticity and normality of residuals. We also add the Normal probability
plot to check for normality.

ﬁ'i Linear Regression: Plots

DEPEMDMT Scatter 1 of 1
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*DRESID ¥
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Procuce all partial plots
Histogram
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IThe Output of the Multiple Linear Regression Analysis

The first table tells us the model history SPSS has estimated. Since we have selected a stepwise multiple
linear regression SPSS automatically estimates more than one regression model. If all of our five
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independent variables were relevant and useful to explain the reading score, they would have been

entered one by one and we would find five regression models. In this case however, we find that the

best explaining variable is Aptitude Test 1, which is entered in the first step while Aptitude Test 2 is
entered in the second step. After the second model is estimated, SPSS stops building new models
because none of the remaining variables increases F sufficiently. That is to say, none of the variables

adds significant explanatory power of the regression model.

The next table shows the multiple linear regression model summary and overallfitstatistics. We find
that the adjusted R? of our model 2 is .624 with the R? = .631. This means thatthelinear regression
model with the independent variables Aptitude Test 1 and 2 explains 63.1% ofthevariance of the
Reading Test Score. The Durbin-Watson d = 1.872, which is between the twocritical values of 1.5 and

Variables Entered/Removed?

Model

Variables
Entered

Variables
Removed

Method

1 Apt1 Aptitude
Test 1

2 Apt2 Aptitude
Test?2

Stepwise
(Criteria:
Probability-of-
F-to-enter <=.
050,
Probability-of-
F-to-remove
>=.100).

Stepwise
(Criteria:
Probability-of-
F-to-enter <=.
050,
Probability-of-
F-to-remove
>=.100).

a. Dependent Variable: Test2_Score Reading Test

2.5 (1.5 < d < 2.5), and therefore we can assume that there is no first order linearautocorrelation in our
multiple linear regression data.

Model Summary*

Model Adjusted R Std. Error of Durbin-
R R Square Square the Estimate Watson
1 .750° 562 558 8.697
2 794° 631 624 8.025 1.872

a. Predictors: (Constant), Apt1 Aptitude Test 1
b. Predictors: (Constant), Apt1 Aptitude Test 1, Apt2 Aptitude Test 2

c. Dependent Variable: Test2_Score Reading Test

Ifwe would have forced all independent variables (Method: Enter) into the linear regression model we
would have seen a little higher R? = 80.2% but an almost identical adjusted R?=62.5%.
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Model Summary®

Model Adjusted R Std. Error of Durbin-
R R Square Square the Estimate Watson
1 8022 643 625 8.006 1.802

a. Predictors: (Constant), Apt5 Aptitude Test 5, Apt3 Aptitude Test 3, Apt4
Aptitude Test 4, Apt2 Aptitude Test 2, Apt1 Aptitude Test 1

b. Dependent Variable: Test2_Score Reading Test

The next table is the F-test, or ANOVA. The F-Test is the test of significance of the multiple linear
regression. The F-test has the null hypothesis that there is no linear relationship between the variables
(in other words R?=0). The F-test of or Model 2 is highly significant, thus we can assume that there is a
linear relationship between the variables in our model.

ANOVA®
Model Sum of
Squares df Mean Square F Sig.
1 Regression 10198.703 1 10198.703 | 134.832 .0002
Residual 7942213 105 75.640
Total 18140.916 106
2 Regression 11443.719 2 5721.860 88.854 .000°
Residual 6697.197 104 64.396
Total 18140.916 106

a. Predictors: (Constant), Apt1 Aptitude Test 1

b. Predictors: (Constant), Apt1 Aptitude Test 1, Apt2 Aptitude Test 2

c. Dependent Variable: Test2_Score Reading Test

The next table shows the multiple linear regression coefficient estimates including the intercept andthe
significance levels. In our second model we find a non-significant intercept (which commonly happens
and is nothing to worry about) but also highly significant coefficients for Aptitude Test 1 and 2. Our

regression equation would be: Reading Test Score = 7.761 + 0.836*Aptitude Test 1 — 0.503*Aptitude

Test 2. For every additional point achieved on Aptitude Test, we can interpret that the Reading Score
increases by 0.836, while for every additional score on Aptitude Test 2 the Reading Score decreasesby

0.503.
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Coefficients?

Model Standardized
Unstandardized Coefficients Coefficients 95.0% Confidence Interval for B | Collinearity Statistics
B Std. Error Beta t Sig. Lower Bound | UpperBound | Tolerance VIF
1 (Constant) -10.846 2.784 -3.896 .000 -16.367 -5.326
Apt1 Aptitude Test 1 1.047 090 750 11.612 .000 868 1226 1.000 1.000
2 (Constant) 7.761 4.951 1.568 120 -2.056 17.579
Apt1 Aptitude Test 1 836 096 599 8.712 000 646 1.027 751 1.332
Apt2 Aptitude Test2 -503 114 -.302 -4.397 000 -.730 -276 751 1.332

a. Dependent Variable: Test2_Score Reading Test

Since we have multiple independent variables in the analysis the Beta weights compare the relative
importance of each independent variable in standardized terms. We find that Test 1 has a higher impact
than Test 2 (B =.599 and B = .302). This table also checks for multicollinearity in our multiple linear
regression model. Multicollinearity is the extent to which independent variables are correlated with
each other. Tolerance should be greater than 0.1 (or VIF < 10) for all variables—which they are. If
tolerance is less than 0.1 there is a suspicion of multicollinearity, and with tolerance less than 0.01 there
is proof of multicollinearity.

Lastly, as the Goldfeld-Quandt test is not supported in SPSS, we check is the homoscedasticity and
normality of residuals with an eyeball test of the Q-Q-Plot of z*pred and z*presid. The plot indicates
that in our multiple linear regression analysis there is no tendency in the error terms.

Scatterplot Normal P-P Plot of Regression Standardized Residual

Dependent Variable: Reading Test Dependent Variable: Reading Test
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In summary, a possible write-up could read as follows:

We investigated the relationship between the reading scores achieved on our standardized tests
and the scores achieved on the five aptitude tests. The stepwise multiple linear regression
analysis found that Aptitude Test 1 and 2 have relevant explanatory power. Together the
estimated regression model (Reading Test Score = 7.761 + 0.836*Aptitude Test 1 —
0.503*Aptitude Test 2) explains 63.1% of the variance of the achieved Reading Score with an
adjusted R? of 62.4%. The regression model is highly significant with p <.001 and F(2, 104)
=88.854. The standard error of the estimate is 8.006. Thus we can not only show a linear
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relationship between aptitude tests 1 (positive) and 2 (negative), we can also conclude that for
every additional reading score achieved the reading score will increase by approximately 0.8
(Aptitude Test 1) and decrease by 0.5 (Aptitude Test 2).

i Logistic Regression

! What is Logistic Regression?

Logistic regression is the linear regression analysis to conduct when the dependent variable is
dichotomous (binary). Like all linear regressions the logistic regression is a predictive analysis. Logistic
regression is used to describe data and to explain the relationship between one dependent binary
variable and one or more continuous-level(interval or ratio scale) independent variables.

Standard linear regression requires the dependent variable to be of continuous-level(interval or ratio)
scale. How can we apply the same principle to a dichotomous (0/1) variable? Logistic regression
assumes that the dependent variable is a stochastic event. For instance, if we analyze a pesticides kill
rate, the outcome event is either killed or alive. Since even the most resistant bug can only be either of
these two states, logistic regression thinks in likelihoods of the bug getting killed. If the likelihood of
killing the bug is greater than 0.5 it is assumed dead, if it is less than 0.5 it is assumed alive.

It is quite common to run a regular linear regression analysis with dummy independent variables. A
dummy variable is a binary variable that is treated as if it would be continuous. Practically speaking, a
dummy variable increases the intercept thereby creating a second parallel line above or below the
estimated regression line.

Alternatively, we could try to just create a multiple linear regression with a dummy dependent variable.
This approach, however, has two major shortcomings. Firstly, it can lead to probabilities outside of the
(0,1) interval, and secondly residuals will all have the same variance (think of parallel lines in the
zpred*zresid plot).

To solve these shortcomings we can use a logistic function to restrict the probability values to (0,1). The
logistic function is p(x) = 1/1+exp(-x). Technically this can be resolved to In(p/(1-p))= a + b*x. In(p/(1-p))
is also called the log odds. Sometimes

A

— boghi
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distribution. Thus the difference between logit and probit is usually only visible in small samples.

At the center of the logistic regression analysis lies the task of estimating the log odds of an event.
Mathematically, logistic regression estimates a multiple linear regression function defined as logit(p)

POV Y Hop 12 2x2 .. pxinfori=l.n.
1(p 1)

Olog
Logistic regression is similar to the Discriminant Analysis. Discriminant analysis uses the regression line
to split a sample in two groups along the levels of the dependent variable. Whereas the logistic
regression analysis uses the concept of probabilities and log odds with cut-off probability 0.5, the
discriminant analysis cuts the geometrical plane that is represented by the scatter cloud. The practical
difference is in the assumptions of both tests. If the data is multivariate normal, homoscedasticity is
present in variance and covariance and the independent variables are linearly related. Discriminant
analysis is then used because it is more statistically powerful and efficient. Discriminant analysis is
typically more accurate than logistic regression in terms of predictive classification of the dependent
variable.

lThe Logistic Regression in SPSS
In terms of logistic regression, let us consider the following example:
A research study is conducted on 107 pupils. These pupils have been measured with five

different aptitude tests—one for each important category (reading, writing, understanding,
summarizing etc.). How do these aptitude tests predict if the pupils pass the year end exam?

First we need to check that all cells in our model are populated. Since we don't have any categorical
variables in our design we will skip this step.
Logistic Regression is found in SPSS under Analyze/Regression/Binary Logistic...
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This opens the dialog box to specify the model. Here we need to enter the nominal variable Exam (pass

=1, fail = 0) into the dependent variable box and we enter all aptitude tests as the first block of

covariates in the model.

# Logistic Regression

| & Msth Test [Test_Score) |
& Reading Test [Test2_Sc...
& \iriting Test [Test3 Sco.

& E dee

ol Grade on Test 1 [Grade1)
ol Grade on Test 2 [Grade2)
oJll Grade on Test 3 [Grade3]

& age

"_‘ | g Exam [Exam]

Calegorical...

~Block 10f 1-
Covariates:
e
lapt2
iil apts
—imane m— imd
AptS
Method  |Enter

-

Sedection Varkble:

[l

ok J[ eeste |[ messt ][ concel |

Help |

The menu Categorical... allows to specify contrasts for categorical variables (which we donot have in our

logistic regression model), and Options... offers several additional statistics, which don'tneed.
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1| The Output of the Logistic Regression Analysis

The first table simply shows the case processing summary, which lists nothing more than the valid

sample size.

Case Processing Summary

Unweighted Casesa N Percent
Selected Cases Included in Analysis 107 100.0
Missing Cases 0 .0
Total 107 100.0
Unselected Cases 0 .0
Total 107 100.0

a. If weight is in effect, see classification table for the total
number of cases.

The next three tables are the results for the intercept model. That is the Maximum Likelihood model if

only the intercept is included without any of the dependent variables in the analysis. This is basically

only interesting to calculate the Pseudo R? that describes the goodness of fit for the logistic model.

Variables in the Equation

B S.E. Wald df Sig. Exp(B)

Step 0 Constant -.398 197 4.068 1 .044 .672
Classification Table®®
Predicted
Exam Percentage
Observed Fail Pass Correct

Step 0 Exam Fall 64 0 100.0
Pass 43 0 .0
Overall Percentage 59.8

a. Constant is included in the model.
b. The cut value is .500
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Variables not in the Equation

Score df Sig.
Step 0 Variables Apt1 30.479 1 .000
Apt2 10.225 1 .001
Apt3 2.379 1 123
Apt4 6.880 1 .009
Apt5 5.039 1 .025
Overall Statistics 32.522 5 .000

The relevant tables can be found in the section 'Block 1' in the SPSS output of our logistic regression
analysis. The first table includes the Chi-Square goodness of fit test. It has the null hypothesis that
intercept and all coefficients are zero. We can reject this null hypothesis.

Omnibus Tests of Model Coefficients

Chi-square df Sig.
Step 1 Step 38.626 5 .000
Block 38.626 5 000
Model 38.626 5 000

The next table includes the Pseudo R?; the -2 log likelihood is the minimization criteria used by SPSS. We
see that Nagelkerke's R? is .409, which indicates that the model is good but not great. Cox & Snell's R? is
the nth root (in our case the 107th of the -2log likelihood improvement. Thus we can interpret this as
30% probability of the event passing the exam is explained by the logistic model.

Model Summary
Cox & Snell R Nagelkerke R
Step -2 Log likelihood Square Square
1 105.559a .303 409

a. Estimation terminated at iteration number 5 because parameter
estimates changed by less than .001
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The next table contains the classification results, withalmost 80% correct classification the model is not
too bad — generally a discriminant analysis is better inclassifying data correctly.

Classification Tablea

Predicted
Exam Percentage
Observed Fail Pass Correct
Step1 Exam Fail 53 11 82.8
Pass 11 32 74.4
Overall Percentage 79.4

a. The cut value is .500

The last table is the most important one for our logistic regression analysis. It shows the regression
function -1.898 +.148*x1 —.022*x2 - .047*x3 - .052*x4 + .011*x5. The table also includes the test of
significance for each of the coefficients in the logistic regression model. For small samples the t-values
are not valid and the Wald statistic should be used instead. Wald is basically t? which is Chi-Square
distributed with df=1. However, SPSS gives the significance levels of each coefficient. As we can see,

only Apt1 is significant—all other variables are not.

Variables in the Equation

B S.E. Wald df Sig. | Exp(B)
Step 1a  Apt1 148 038  15.304 1 .000 1.159
Apt2 -.022 .036 358 1 549 979
Apt3 -.047 035  1.784 1 182 954
Apt4 -.052 043  1.486 1 223 949
Apt5 011 034 102 1 749 1.011
Constant | -1.898|  2.679 502 1 479 150

a. Variable(s) entered on step 1: Apt1, Apt2, Apt3, Apt4, Apt5.
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Model Summary

Step -2 Log likelihood Cox & Snell R Square | Nagelkerke R Square
1 108.931a .281 379
a. Estimation terminated at iteration number 5 because parameter estimates changed
by less than .001.

Variables in the Equation

B SE. Wald df Sig. | Exp(B)
Step 1a Apt1 158 .033| 23.032 1 .000 1.172
Constant | -5.270| 1.077| 23.937 1 .000 .005

a. Variable(s) enteredonstep 1:Apt1.

If we change the methodfromEntertoForward:Waldthequality of the logistic regression improves.
Now only the significantcoefficientsareincludedinthelogisticregression equation. In our case the
model simplifies to AptitudeTestScorelandtheintercept.Then we get the logistic equation

1
p 1e (5270 _158T[&i5@wationiseasiertointerpret,because we know now that a score of one

point higher score ontheAptitudeTestlmultipliestheoddsofpassing the exam by 1.17 (exp(.158)).
We can also calculatethecriticalvalueforp=50%,whichisApt1 = -intercept/coefficient = -5.270/.158 =
33.35. That is if a pupilscoredhigherthan33.35ontheAptitude Test 1 the logistic regression predicts
that this pupil will passthefinalexam.

In summary, a possiblewrite-upcouldreadasfollows:

We conductedalogisticregressiontopredictwhetherastudent will pass the final exam based
on the five aptitudescoresthestudentachieved.Thestepwise logistic regression model finds
only the AptitudeTest1tobeofrelevantexplanatorypower. The logistic equation indicates that
an additionalscorepointontheAptitudeTestlmultiplies the odds of passing by 1.17. Also we
predict that studentswhoscoredhigherthan33.35onthe Aptitude Test will pass the final exam.

i Ordinal Regression

! What is Ordinal Regression?

Ordinal regression is a member of the family of regression analyses. As a predictive analysis, ordinal
regression describes data and explains the relationship between one dependent variable and two or
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more independent variables. In ordinal regression analysis, the dependent variable is ordinal
(statistically it is polytomous ordinal) and the independent variables are ordinal or continuous-level(ratio
or interval).

Sometimes the dependent variable is also called response, endogenous variable, prognostic variable or

regressand. The independent variables are also called exogenous variables, predictor variables or
regressors.

Linear regression estimates a line to express how a change in the independent variables affects the
dependent variables. The independent variables are added linearly as a weighted sum of the form

y 0 1 xi2 2 xi2 ... p xin. Linear regression estimates the regression coefficients by

minimizing the sum of squares between the left and the right side of the regression equation. Ordinal
regression however is a bit trickier. Let us consider a linear regression of income = 15,000 + .980 * age.
We know that for a 30 year old person the expected income is 44,400 and for a 35 year old the income
is 49,300. That is a difference of 4,900. We also know that if we compare a 55 year old with a 60 year

old the difference of 68,900-73,800 = 4,900 is exactly the same difference as the 30 vs. 35 year old. This
however is not always true for measures that have ordinal scale. For instance if we classify the income
to be low, medium, high, it is impossible to say if the difference between low and medium is the same as
between medium and high, or if 3*low = high.

There are three major uses for Ordinal Regression Analysis: 1) causal analysis, 2) forecasting an effect,
and 3) trend forecasting. Other than correlation analysis for ordinal variables (e.g., Spearman), which
focuses on the strength of the relationship between two or more variables, ordinal regression analysis
assumes a dependence or causal relationship between one or more independent and one dependent
variable. Moreover the effect of one or more covariates can be accounted for.

Firstly, ordinal regression might be used to identify the strength of the effect that the independent
variables have on a dependent variable. A typical question is, “What is the strength of relationship
between dose (low, medium, high) and effect (mild, moderate, severe)?”

Secondly, ordinal regression can be used to forecast effects or impacts of changes. That is, ordinal
regression analysis helps us to understand how much will the dependent variable change, when we
change the independent variables. A typical question is, “When is the response most likely to jump into
the next category?”

Finally, ordinal regression analysis predicts trends and future values. The ordinal regression analysis can
be used to get point estimates. A typical question is, “If | invest a medium study effort what grade (A-F)
can | expect?”

EThe Ordinal Regression in SPSS

For ordinal regression, let us consider the research question:

In our study the 107 students have been given six different tests. The pupils either failed or
passed the first five tests. For the final exam, the students got graded either as fail, pass, good
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or distinction. We now want to analyze how the first five tests predict the outcome of the final
exam.

To answer this we need to use ordinal regression to analyze the question above. Although technically

this method is not ideal because the observations are not completely independent, it best suits the
purpose of the research team.

The ordinal regression analysis can be found in Analyze/Regression/Ordinal...
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The next dialog box allows us to specify the ordinal regression model. For our example the final exam
(four levels — fail, pass, good, distinction) is the dependent variable, the five factors are Ex1 ... Ex5 for the
five exams taken during the term. Please note that this works correctly only if the right measurement
scales have been defined within SPSS.
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Furthermore, SPSS offers the option to include one or more covariates of continuous-level scale (interval
or ratio). However, adding more than one covariate typically results in a large cell probability matrix
with a large number of empty cells.

The options dialog allows us to manage various settings for the iteration solution, more interestingly
here we can also change the link setting for the ordinal regression. In ordinal regression the link
function is a transformation of the cumulative probabilities of the ordered dependent variable that
allows for estimation of the model. There are five different link functions.
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1. Logit function: Logit function is the default function in SPSS for ordinal regression. This function is
usually used when the dependent ordinal variable has equal categories. Mathematically, logit function
equalsto p(z) =In(z/ (1-2)).

2. Probit model: This is the inverse standard normal cumulative distribution function. This function is

more suitable when a dependent variable is normally distributed. Mathematically, the probit function is

i)  (2).
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— Logi t
—— Probit

Both models (logit and probit) are most commonly used in ordinal regression, inmost cases a model is
fitted with both functions and the function with the better fit is chosen. However, probit assumes
normal distribution of the probability of the categories of the dependent variable, when logit assumes
the log distribution. Thus the difference between logit and probit is typically seen in small samples.

3. Negative log-log: This link function is recommended when the probability of the lower category is
high. Mathematically the negative log-log is p(z) = —log (— log(z)).

4. Complementary log-log: This function is the inverse of the negative log-log function. This function is
recommended when the probability of higher category is high. Mathematically complementary log-log
is p(z) = log (— log (1 —z)).

5. Cauchit: This link function is used when the extreme values are present in the data. Mathematically
Cauchit is p(z) = tan (p(z—0.5)).
We leave the ordinal regression's other dialog boxes at their default settings; we just add the test of

parallel lines in the Output menu.

IThe Output of the Ordinal Regression Analysis

The most interesting ordinal regression output is the table with the parameter estimates. The
thresholds are the intercepts or first order effects in our ordinal regression. They are typically of limited
interest. More information can be found at the Location estimates, which are the coefficients for each
independent variable. So for instance if we look at the first Exam (Ex1) we find the higher the score (as
in pass the first exam) the higher the score in the final exam. If we calculate the exp(-location) we get
exp(1.886) = 6.59, which is our odds ratio and means that if you pass the first Exam it is 6.59 more likely
to pass the final exam. This ratio is assumed constant for all outcomes of the dependent variable.
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Parameter Estimates

95% Confidence Interval
Estimate | Std. Error Wald df Sig. Lower Bound [ Upper Bound
Threshold  [Final_exam =1,00] -1,313 577 5,177 1 ,023 -2,445 -,182
[Final_exam =2,00] 170 ,560 ,093 1 ,761 -,927 1,267
[Final_exam = 3,00] 1,729 576 8,999 1 ,003 ,599 2,859
Location [Ex1=1,00] -1,886 439 18,409 1 ,000 -2,747 -1,024
[Ex1=2,00] 0? 0
[Ex4=1,00] ,943 ,397 5,656 1 017 ,166 1,720
[Ex4=2,00] 02 0
[Ex5=1,00] ,017 ,397 ,002 1 ,965 -,760 ,795
[Ex5=2,00] 02 0
[Ex2=1,00] 455 378 1,454 1 228 -,285 1,195
[Ex2=2,00] 0? 0
[Ex3=1,00] ,728 ,380 3,670 1 ,055 -,017 1,473
[Ex3=2,00] 02 0

Link function: Logit.

a. This parameter is setto zero because itis redundant.

The Wald ratio is defined as (coefficient/standard error)? and is the basis for the test of significance (null
hypothesis: the coefficient is zero). We find that Ex1 and Ex4 are significantly different from zero.
Therefore there seems to be a relationship between pupils performing on Ex1 and Ex4 and their final exam
scores.

The next interesting table is the test for parallel lines. It tests the null hypothesis that the lines run
parallel. Our test is not significant and thus we cannot reject the null hypothesis. A significant test
typically indicates that the ordinal regression model uses the wrong link function. If this is the case, then
an alternative link function should be used.

Test of Parallel Lines?

-2 Log
Model Likelihood Chi-Square df Siq.
Null Hypothesis 140,139
General 134,516 5,622 10 ,846

The null hypothesis states that the location parameters (slope
coefficients) are the same across response categories.

a. Link function: Logit.
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HAPTER 7: Classification Analyses

l’lultinomial Logistic Regression

I\Ihat is Multinomial Logistic Regression?

Multinomial regression is the linear regression analysis to conduct when the dependent variable is
nominal with more than two levels. Thus it is an extension of logistic regression, which analyzes
dichotomous (binary) dependents. Since the SPSS output of the analysis is somewhat different to the
logistic regression's output, multinomial regression is sometimes used instead.

Like all linear regressions, the multinomial regression is a predictive analysis. Multinomial regression is
used to describe data and to explain the relationship between one dependent nominal variable and one
or more continuous-level(interval or ratio scale) independent variables.

Standard linear regression requires the dependent variable to be of continuous-level(interval or ratio)
scale. Logistic regression jumps the gap by assuming that the dependent variable is a stochastic event.
And the dependent variable describes the outcome of this stochastic event with a density function (a
function of cumulated probabilities ranging from 0 to 1). Statisticians then argue one event happens if
the probability is less than 0.5 and the opposite event happens when probability is greater than 0.5.

How can we apply the logistic regression principle to a multinomial variable (e.g. 1/2/3)?

Example:

We analyze our class of pupils that we observed for a whole term. At the end of the term we
gave each pupil a computer game as a gift for their effort. Each participant was free to choose
between three games — an action, a puzzle or a sports game. The researchers want to know how
the initial baseline (doing well in math, reading, and writing) affects the choice of the game.
Note that the choice of the game is a nominal dependent variable with more than two levels.
Therefore multinomial regression is the best analytic approach to the question.

How do we get from logistic regression to multinomial regression? Multinomial regression is a multi-
equation model, similar to multiple linear regression. For a nominal dependent variable with k
categories the multinomial regression model estimates k-1 logit equations. Although SPSS does
compare all combinations of k groups it only displays one of the comparisons. This is typically either the
first or the last category. The multinomial regression procedure in SPSS allows selecting freely one
group to compare the others with.

What are logits? The basic idea behind logits is to use a logarithmic function to restrict the probability
values to (0,1). Technically this is the log odds (the logarithmic of the odds of y = 1). Sometimes a probit
model is used instead of a logit model for multinomial regression. The following graph shows the
difference for a logit and a probit model for different values (-4,4). Both models are commonly used as
the link function in ordinal regression. However, most multinomial regression models are based on the
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logit function. The difference between both functions is typically only seen in small samples because
probit assumes normal distribution of the probability of the event, when logit assumes the log
distribution.

At the center of the multinomial regression analysis is the task estimating thek-1 log odds of each
category. In our k=3 computer game example with the last category as reference multinomial
regression estimates k-1 multiple linear regression function defined as

1
logit(y=1) (Jl0g le(zlpi)E 00 DO O, ... O O Ok, fori=1..n.
ply 2)
ogitly=2)Tlog ' 00 DDA X, 0.0 [ B, fori=1..n.
1(p2) ]
0

Multinomial regression is similar to the Multivariate Discriminant Analysis. Discriminant analysis uses
the regression line to split a sample in two groups along the levels of the dependent variable. In the
case of three or more categories of the dependent variable multiple discriminant equations are fitted
through the scatter cloud. In contrast multinomial regression analysis uses the concept of probabilities
and k-1 log odds equations that assume a cut-off probability 0.5 for a category to happen. The practical
difference is in the assumptions of both tests. If the data is multivariate normal, homoscedasticity is
present in variance and covariance and the independent variables are linearly related, then we should
use discriminant analysis because it is more statistically powerful and efficient. Discriminant analysis is
also more accurate in predictive classification of the dependent variable than multinomial regression.

IThe Multinomial Logistic Regression in SPSS

For multinomial logistic regression, we consider the following research question:

We conducted a research study with 107 students. The students were measured on a
standardized reading, writing, and math test at the start of our study. At the end of the study,
we offered every pupil a computer game as a thank you gift. They were free to choose one of
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three games — a sports game, a puzzle and an action game. How does the pupils’ ability to read,
write, or calculate influence their game choice?

First we need to check that all cells in our model are populated. Although the multinomial regression is
robust against multivariate normality and therefore better suited for smaller samples than a probit
model, we still need to check. We find that some of the cells are empty. We must therefore collapse
some of the factor levels. The easiest way to check is to create the contingency table
(Analyze/Descriptive Statistics/Crosstabs...).

Grade on Math Test * Gift chosen by pupil Crosstabulation

Count
Gift chosen by pupil
Polar Bear
Superblaster | Puzzde Mania Olympics Total
Grade on Math Test A 0 3 14 17
B 0 6 12 18
C 5 9 4 18
D 8 5 5 18
E 13 3 0 16
F 14 5 1 20
Total 40 31 36 107

But even if we collapse the factor levels of our multinomial regression model down to two levels
(performance good vs. not good) we observe empty cells. We proceed with the analysis regardless,
noting and reporting this limitation of our analysis.

Performance on Reading Test * Gift chosen by pupil Crosstabulation

Count
Gift chosen by pupil
Polar Bear
Superblaster | Puzzde Mania Olympics Total
Performance on Reading  Notgood 40 16 0 56
fest Good 0 15 36 51
Total 40 31 36 107

Multinomial Regression is found in SPSS under Analyze/Regression/Multinomial Logistic...
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This opens the dialog box to specify the model. Here
we need to enter the dependent variable Gift and
define the reference category. In our example it will
be the last category since we want to use the sports
game as a baseline. Then we enter the three
collapsed factors into the multinomial regression
model. The factors are performance (good vs. not
good) on the math, reading, and writing test.
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In the menu Model... we need to specify the model for the multinomial regression. The huge advantage
over ordinal regression analysis is the ability to conduct a stepwise multinomial regression for all main
and interaction effects. If we want to include additional measures about the multinomial regression
model to the output we can do so in the dialog box
Statistics...

ultinomial Logistic Regression: Statistics

gl s L e s (¥ [Eage processing summery]
i inomial Logistic Regression: el Model
Specky Wodet [+ Psaudo R-squars '] Ced probabities
=1 Fuil factorial *) Custom/Siepwis [] Step summary V] Classification table
Eactors & Covaristes: Foreed Ertry Terms: = S ; P
T [+ Moded Tilting information ¥ Goodness-of-i
M Goom [T information Criteria [¥] Monotonicity measures
" Gtz
Parameters
Buiild Terms
|v! Estimates Copfidence Interval (36} |95
nteraction T S
¥ Likehood ratio tests
b 4 =
|| Asymphotic correlations
Steprwize Terms [] Asymplotic covariances
Goois
Coodi fine Sul alation
P . Define Subpopulations
> #) Covarite patterns defined by tactors and covarstes
Covariste patterns defined by variable list below
Stegyite Wsthod
Forvward aniry =
-
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Continus Coanced Helgy
| continue Cancel Heo |

IThe Output of the Multinomial Logistic Regression Analysis

The first table in the output of the multinomial regression analysis describes the model design.

Case Processing Summary

N Marginal Percentage
Gift chosen by pupil Superblaster ™0 ity
0,
Puzzle Mania 31 29.0%
0,
Polar Bear Olympics 36 33.6%
50.5%
Performance on Math Test Not good 54 .
Good 53 49.5%
52.3%
Performance on Reading Test Not good 56 0°
Good 51 47.7%
52.3%
Performance on Writing test Not good 56 - 70/0
Good 51 1%
100.0%
Valid 107
Missing 0
107
gﬂi)a;gopulation
83

a. The dependent variable has only one value observed in 5 (62.5%) subpopulations.
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The next table details which variables are entered into the multinomial regression. Remember that we
selected a stepwise model. In our example the writing test results (good3) and then the reading test
results (good2) were entered. Also the 0 model is shown as the -2*log(likelihood) change between
models is used for significance testing and calculating the Pseudo-RZs.

Step Summary

Model
Fitting
Criteria Effect Selection Tests
.-2 I__og
Model Action Effect(s) Likelihood Chi-Squarg df Sig.
0 Entered Intercept 216.336 :
1 Entered Good3 111.179 105.157 2 .000
2 Entered Good?2 7.657 103.522 2 .000

Stepwise Method: Forward Entry
a. The chi-square for entry is based on the likelihood ratio test.

The next 3 tables contain the goodness of fit criteria.As we find the goodness-of-fit (chi-square test of
the null hypothesis that the coefficients are differentfrom zero) is not significant and Nagelkerke's R? is
close to 1. Remember that Cox & Snell's R? does notscale up to 1. Cox & Snell's R? is the nth root (in

our case the 107th) of the -2log likelihood improvement. We can interpret the Pseudo-R? as our
multinomial regression model explains 85.6% of theprobability that a given computer game is chosen by
the pupil.

Model Fitting Information

Model

Fitting

Criteria Likelihood Ratio Tests

-2 L@hi-
Model Likeldqesre df Sig.
Intercept Only 216.336
Final 7.657 208.679 4 .000
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Goodness-of-Fit

Pseudo R-Square

Chi-Square df Sig.
Pearson 2.386 10 .992
Deviance 1.895 10 .997

Cox and Snell
Nagelkerke
McFadden

.858
.966
.892

The classification table shows that the estimated multinomial regression functions correctly

classify 97.2% of the events. Although this is sometimes reported, it is a less powerful goodness of fit
test than Pearson's or Deviance.

Classification
Predicted

Polar Bear Percent
Observed Superblaster Puzzle Mania Olympics Correct
Superblaster 40 0 0 100.0%
Puzzle Mania 2 28 1 90.3%
Polar Bear Olympics 0 0 36 100.0%
Overall Percentage 39.3% 26.2% 34.6% 97.2%

The most important table for our multinomial regression analysis is the Parameter Estimates table. It

includes the coefficients for the two logistic regression functions. The table also includes the test of

significance for each of the coefficients in the multinomial regression model. For small samples the t-
values are not valid and the Wald statistic should be used instead. However, SPSS gives the significance
levels of each coefficient. As we can see, only Apt1 is significant and all other variables are not.
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Parameter Estimates

95% Confidence Interval for
Exp(B)
Gift chosen by pupil® B Std. Error Wald df Sig. Exp(B) Lower Bound | Upper Bound
Superblaster  Intercept -48.123 | 8454.829 .000 1 995
[Good3=.00] 48.030 .000 1 . 7.227E20 7.227E20 7.227E20
[Good3=1.00] 5 . 0 . . .
[Good2=.00] 48,030 .000 1 "|. 7.227E20 7.227E20 7.227E20
[Good2=1.00] ) . . 0
§ 1.014 12.495 1
5978 481 000 4
Puzzle Mania Intercept ~0-90% 1 5078.481 .000 S Jou
24.262 : : .997 3.442E10
- .997 3.442E10) .000 ¢
[gﬁ%@%ﬁ@ﬁ] ' 000 :
24.269 ¢
Ob

a. The reference category is: Polar Bear Olympics.

b. This parameter is set to zero because it is redundant.

c. Floating point overflow occurred while computing this statistic. lts value is therefore set to system missing.

In this analysis the parameter estimates are quitewild because we collapsed our factors to binary level
for the lack of sample size. This results in the standard error either skyrocketing or dropping. The
intercept is the multinomial regression estimateforall other values being zero. The coefficient for Good3
is 48.030. So, if a pupil were to increasehisscore on Test 3 by one unit—that is, he jumps from fail to pass
because of our collapsing—the log-oddsof preferring action over the sports game would decrease by
-48.030. In other words, pupils thatfailTest 2 and 3 (variables good2, good3) are more likely to prefer the
Superblaster game.

The standard error, Wald statistic, and test of significance are given for each coefficient in our
multinomial regression model. Because of our use of binary variables, the standard error is zero and
thus the significance is 0 as well. This is a serious limitation of this analysis and should be reported
accordingly.

i Sequential One-Way Discriminant Analysis

! What is the Sequential One-Way Discriminant Analysis?

Sequential one-way discriminant analysis is similar to the one-way discriminant analysis. Discriminant
analysis predicts group membership by fitting a linear regression line through the scatter plot. In the
case of more than two independent variables it fits a plane through the scatter cloud thus separating all
observations in one of two groups —one group to the "left" of the line and one group to the "right" of
the line.
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Sequential one-way discriminant analysis now assumes that the discriminating, independent variables
are not equally important. This might be a suspected explanatory power of the variables, a hypothesis
deducted from theory or a practical assumption, for example in customer segmentation studies.

Like the standard one-way discriminant analysis, sequential one-way discriminant analysis is useful

mainly for two purposes: 1) identifying differences between groups, and 2) predicting group
membership.

Firstly, sequential one-way discriminant analysis identifies the independent variables that significantly
discriminate between the groups that are defined by the dependent variable. Typically, sequential one-
way discriminant analysis is conducted after a cluster analysis or a decision tree analysis to identify the
goodness of fit for the cluster analysis (remember that cluster analysis does not include any goodness of
fit measures itself). Sequential one-way discriminant analysis tests whether each of the independent
variables has discriminating power between the groups.

Secondly, sequential one-way discriminant analysis can be used to predict group membership. One
output of the sequential one-way discriminant analysis is Fisher's discriminant coefficients. Originally
Fisher developed this approach to identify the species to which a plant belongs. He argued that instead
of going through a whole classification table, only a subset of characteristics is needed. If you then plug
in the scores of respondents into these linear equations, the result predicts the group membership. This
is typically used in customer segmentation, credit risk scoring, or identifying diagnostic groups.

Because sequential one-way discriminant analysis assumes that group membership is given and that the
variables are split into independent and dependent variables, the sequential one-way discriminant
analysis is a so called structure testing method as opposed to structure exploration methods (e.g., factor
analysis, cluster analysis).

The sequential one-way discriminant analysis assumes that the dependent variable represents group
membership the variable should be nominal. The independent variables represent the characteristics
explaining group membership.

The independent variables need to be continuous-level(interval or ratio scale). Thus the sequential one-
way discriminant analysis is similar to a MANOVA, logistic regression, multinomial and ordinal
regression. Sequential one-way discriminant analysis is different than the MANOVA because it works
the other way around. MANOVAs test for the difference of mean scores of dependent variables of
continuous-level scale (interval or ratio). The groups are defined by the independent variable.

Sequential one-way discriminant analysis is different from logistic, ordinal and multinomial regression
because it uses ordinary least squares instead of maximum likelihood; sequential one-way discriminant
analysis, therefore, requires smaller samples. Also continuous variables can only be entered as
covariates in the regression models; the independent variables are assumed to be ordinal in scale.
Reducing the scale level of an interval or ratio variable to ordinal in order to conduct multinomial
regression takes out variation from the data and reduces the statistical power of the test. Whereas
sequential one-way discriminant analysis assumes continuous variables, logistic/multinomial/ordinal
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regression assumes categorical data and thus uses a Chi-Square like matrix structure. The disadvantage
of this is that extremely large sample sizes are needed for designs with many factors or factor levels.

Moreover, sequential one-way discriminant analysis is a better predictor of group membership if the
assumptions of multivariate normality, homoscedasticity, and independence are met. Thus we can
prevent over-fitting of the model, that is to say we can restrict the model to the relevant independent
variables and focus subsequent analyses. Also, because it is an analysis of the covariance, we can
measure the discriminating power of a predictor variable when removing the effects of the other
independent predictors.

lThe Sequential One-Way Discriminant Analysis in SPSS

The research question for the sequential one-way discriminant analysis is as follows:

The students in our sample were taught with different methods and their ability in different tasks
was repeatedly graded on aptitude tests and exams. At the end of the study the pupils go to
chose from three computer game ‘thank you’ gifts: a sports game (Superblaster), a puzzle game
(Puzzle Mania) and an action game (Polar Bear Olympics). The researchers wish to learn what
guided the pupils’ choice of gift.

The independent variables are the three test scores from the standardized mathematical, reading,
writing test (viz. Test_Score, Test2_Score, and Test3_score). From previous correlation analysis we
suspect that the writing and the reading score have the highest influence on the outcome. In our
logistic regression we found that pupils scoring lower had higher risk ratios of preferring the action
game over the sports or the puzzle game.

The sequential one way discriminant analysis is not a part of the graphical user interface of SPSS.
However, if we want include our variables in a specific order into the sequential one-way discriminant
model we can do so by specifying the order in the /analysis subcommand of the Discriminant syntax.

The SPSS syntax for a sequential one-way discriminant analysis specifies the sequence of how to include
the variables in the analysis by defining an inclusion level. SPSS accepts inclusion levels from 99...0,
where variables with level 0 are never included in the analysis.

DISCRIMINANT
/GROUPS=Gift(1 3)
/VARIABLES=Test_Score Test2_Score Test3_Score
/ANALYSIS Test3_Score (3), Test2_Score (2), Test_Score (1)
/METHOD=WILKS
/FIN=3.84
/FOUT=2.71
/PRIORS SIZE
/HISTORY
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/STATISTICS=BOXM COEFF
/CLASSIFY=NONMISSING POOLED.

EThe Output of the Sequential One-Way Discriminant Analysis

The first couple of tables in the output of the sequential one-way discriminant analysis illustrate the model
design and the sample size. The first relevant table is Box's M test, which tests the null hypothesis that the
covariances of the dependent variable and every given pair of independent variables are equal for all
groups in the independent variable. We find that Box's M is not significant therefore we cannot assume
equality of covariances. The discriminant analysis is robust against the violation of this assumption.

Test Results
Box's M 34.739
F Approx. 5.627
df1 6
df2 205820.708
Sig. .000

Tests null hypothesis of equal population
covariance matrices.

The next table shows the variables entered in each step of the sequential one-way discriminant analysis.

Variables Entered/Removed™”*"

Wilks' Lambda
Exact F
Step Entered Statistic df1 df2 df3 Statistic df1 df2 Sig.
1 Writing Test .348 1 2 104.000 97.457 2 104.000 .000
2 Reading Test 150 2 2 104.000 81.293 4 206.000 .000

At each step, the variable that minimizes the overall Wilks' Lambda is entered.
a. Maximum number of steps is 4.

b. Minimum partial F to enter is 3.84.

¢. Maximum partial F to remove is 2.71.

d. F level, tolerance, or VIN insufficient for further computation.
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We find that the writing test score was first entered, followed by the reading test score (based on the
Wilks' Lambda). The third variable we specified, the math test score, was not entered because it did not
explain anymore variance of the data. It also shows the significance of each variable by running the F-
test for the specified model.

Eigenvalues
Canonical
Function | Eigenvalue % of Variance Cldimulative % Correlation
T2 R
5.601 99 1000 883
.007°

a. First 2 canonical discriminant functions were used in the analysis.

The next few tables show the variables in the analysisand the variables not in the analysis and Wilk's
Lambda. All of these tables contain virtually the samedata. The next table shows the discriminant

eigenvalues. The eigenvalues are defined as

SS

b I . .
SSw and are maximized using ordinary least squares.

We find that the first function explains 99.9% of the variance and the second function explains the rest.
This is quite unusual for a discriminant model. This table also shows the canonical correlation

coefficient for the sequential discriminant analysis that is defined a ci N ]
i/ 0

The next table in the output of our sequential one-way discriminant function describes the standardized
canonical discrim coefficient—these are the estimated Beta coefficients. Since we do have more than
two groups in our analysis we need at least two functions (each canonical discrim function can
differentiate between two groups). We see that

Y1 =.709 * Writing Test + .827 * Reading Test

Y2 =.723 * Writing Test - .585 * Reading Test

Standardized Canonical Discriminant
Function Coefficients

Function
1 2
Writing Test .709 723
Reading Test .827 -.585
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This however has no inherent meaning other thanknowing that a high score on both tests gives function
1 a high value, while simultaneously giving function2a lower value. In interpreting this table, we need
to look at the group centroids of our one-way sequential discriminant analysis at the same time.

Functions at Group Centroids

Function
Gift chosen by pupil 1 2
Superblaster -2.506 -.060
Puzzle Mania -.276 131
Polar Bear Olympics 3.023 -.045

Unstandardized canonical discriminant functions
evaluated at group means

We find that a high score of three on the first function indicates a preference for the sports game, a
score close to zero indicates a preference for the puzzle game, and a low score indicates a preference
for the action game. Remember that this first function explained 99.9% of our variance in the data. We
also know that the sequential one-way discriminant function 1 scored higher for high results in the
writing and the reading tests, whereby reading was a bit more important than writing.

Classification Function Coefficients

Gift chosen by pupil
Polar Bear
Superblaster | Puzzle Mania Olympics
Writing Test 151 403 727
Reading Test .206 464 .885
(Constant) -2.249 -8.521 -26.402

Fisher's linear discriminant functions

Thus we can say that pupils who did well on our reading and writing test are more likely to choose the
sports game, and pupils who did not do well on the tests are more likely to choose the action game.

The final interesting table in the sequential one-way discriminant function output is the classification
coefficient table. Fisher's classification coefficients can be used to predict group membership.
In our case we get three functions:
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Superblaster =-2.249 + .151 * writing + .206 * reading
Puzzle Mania = -8.521 + .403 * writing + .464 * reading
Polar Bear Olympics = -26.402 + .727 * writing + .885 * reading

If we would plug in the numbers of a new student joining class who score 40 on both tests we would get
3 scores:

Superblaster = 12.031

Puzzle Mania = 26.159

Polar Bear Olympics = 38.078

Thus the student would most likely choose the Polar Bear Olympics (the highest value predicts the group
membership).

The table classification results show that specifically in the case where we predicted that the student

would choose the sports game, 13.9% chose the puzzle game instead. This serves to alert us to the risk
behind this classification function.

Classification Results®

Predicted Group Membership
Polar Bear

Gift chosen by pupil Superblaster | Puzde Mania Olympics Tofal
Original  Count  Superblaster 36 4 0 40
Puzze Mania 1 28 2 31
Polar Bear Olympics 0 5 kY 36
% Superblaster 80.0 10,0 0 100.0
Puzze Mania 3.2 90.3 6.5 100.0
Polar Bear Qlympics 0 13.9 86.1 100,0

a. 88.8% of onginal grouped cases correctly classified.

I Cluster Analysis

I What is the Cluster Analysis?

The Cluster Analysis is an explorative analysis that tries to identify structures within the data. Cluster
analysis is also called segmentation analysis or taxonomy analysis. More specifically, it tries to identify
homogenous groups of cases, i.e., observations, participants, respondents. Cluster analysis is used to
identify groups of cases if the grouping is not previously known. Because it is explorative it does make
any distinction between dependent and independent variables. The different cluster analysis methods
that SPSS offers can handle binary, nominal, ordinal, and scale (interval or ratio) data.
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The Cluster Analysis is often part of the sequence of analyses of factor analysis, cluster analysis, and
finally, discriminant analysis. First, a factor analysis that reduces the dimensions and therefore the
number of variables makes it easier to run the cluster analysis. Also, the factor analysis minimizes
multicollinearity effects. The next analysis is the cluster analysis, which identifies the grouping. Lastly, a
discriminant analysis checks the goodness of fit of the model that the cluster analysis found and profiles
the clusters. In almost all analyses a discriminant analysis follows a cluster analysis because the cluster
analysis does not have any goodness of fit measures or tests of significance. The cluster analysis relies
on the discriminant analysis to check if the groups are statistically significant and if the variables
significantly discriminate between the groups. However, this does not ensure that the groups are
actually meaningful; interpretation and choosing the right clustering is somewhat of an art. It is up to
the understanding of the researcher and how well he/she understands and makes sense of his/her data!
Furthermore, the discriminant analysis builds a predictive model that allows us to plug in the numbers of
new cases and to predict the cluster membership.

Typical research questions the Cluster Analysis answers are as follows:

Medicine — What are the diagnostic clusters? To answer this question the researcher would devise a
diagnostic questionnaire that entails the symptoms (for example in psychology standardized scales for
anxiety, depression etc.). The cluster analysis can then identify groups of patients that present with
similar symptoms and simultaneously maximize the difference between the groups.

Marketing — What are the customer segments? To answer this question a market researcher conducts a
survey most commonly covering needs, attitudes, demographics, and behavior of customers. The
researcher then uses the cluster analysis to identify homogenous groups of customers that have similar
needs and attitudes but are distinctively different from other customer segments.

Education — What are student groups that need special attention? The researcher measures a couple of
psychological, aptitude, and achievement characteristics. A cluster analysis then identifies what
homogenous groups exist among students (for example, high achievers in all subjects, or students that
excel in certain subjects but fail in others, etc.). A discriminant analysis then profiles these performance
clusters and tells us what psychological, environmental, aptitudinal, affective, and attitudinal factors
characterize these student groups.

Biology — What is the taxonomy of species? The researcher has collected a data set of different plants
and noted different attributes of their phenotypes. A hierarchical cluster analysis groups those
observations into a series of clusters and builds a taxonomy tree of groups and subgroups of similar
plants.

Other techniques you might want to try in order to identify similar groups of observations are Q-
analysis, multi-dimensional scaling (MDS), and latent class analysis.
Q-analysis, also referred to as Q factor analysis, is still quite common in biology but now rarely used
outside of that field. Q-analysis uses factor analytic methods (which rely on R—the correlation between
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variables to identify homogenous dimensions of variables) and switches the variables in the analysis for
observations (thus changing the R into a Q).

Multi-dimensional scaling for scale data (interval or ratio) and correspondence analysis (for nominal
data) can be used to map the observations in space. Thus, it is a graphical way of finding groupings in
the data. In some cases MDS is preferable because it is more relaxed regarding assumptions (normality,
scale data, equal variances and covariances, and sample size).

Lastly, latent class analysis is a more recent development that is quite common in customer
segmentations. Latent class analysis introduces a dependent variable into the cluster model, thus the
cluster analysis ensures that the clusters explain an outcome variable, (e.g., consumer behavior,
spending, or product choice).

EThe Cluster Analysis in SPSS

Our research question for the cluster analysis is as follows:

When we examine our standardized test scores in mathematics, reading, and writing,
what do we consider to be homogenous clusters of students?

In SPSS Cluster Analyses can be found in Analyze/Classify.... SPSS offers three methods for the cluster

analysis: K-Means Cluster, Hierarchical Cluster, and Two-Step Cluster.

K-means cluster is a method to quickly cluster large data sets, which typically take a while to
compute with the preferred hierarchical cluster analysis. The researcher must to define the number of
clusters in advance. This is useful to test different models with a different assumed number of clusters
(for example, in customer segmentation).

Hierarchical cluster is the most common method. We will discuss this method shortly. It takes
time to calculate, but it generates a series of models with cluster solutions from 1 (all cases in one
cluster) to n (all cases are an individual cluster). Hierarchical cluster also works with variables as
opposed to cases; it can cluster variables together in a manner somewhat similar to factor analysis. In
addition, hierarchical cluster analysis can handle nominal, ordinal, and scale data, however it is not
recommended to mix different levels of measurement.

Two-step cluster analysis is more of a tool than a single analysis. It identifies the groupings by
running pre-clustering first and then by hierarchical methods. Because it uses a quick cluster algorithm
upfront, it can handle large data sets that would take a long time to compute with hierarchical cluster
methods. In this respect, it combines the best of both approaches. Also two-step clustering can handle
scale and ordinal data in the same model. Two-step cluster analysis also automatically selects the
number of clusters, a task normally assigned to the researcher in the two other methods.
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The hierarchical cluster analysis follows three basic steps: 1) calculate the distances, 2) link the clusters,
and 3) choose a solution by selecting the right number of clusters.

Before we start we have to select the variables upon which we base our clusters. In the dialog we add

math, reading, and writing test to the list of variables. Since we want to cluster cases we leave the rest
of the tick marks on the default.
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In the dialog box Statistics... we can specify whether we want to output the proximity matrix (these are
the distances calculated in the first step of the analysis) and the predicted cluster membership of the
cases in our observations. Again, we leave all settings on default.

& Hierarchical Clust...

[+ E&gglumeratiu:un schedulesi

[C] Provimity matrix
Cluster Membership

@ rlone
[#) Single solutian

@) Range of zolutions

[Cclntinue][ Cancel ][ Help ]

In the dialog box Plots... we should add the Dendrogram. The Dendrogram will graphically show how the
clusters are merged and allows us to identify what the appropriate number of clusters is.
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Orientation

@) vertical
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The dialog box Method... is very important! Here we can specify thedistance measure and the
clustering method. First, we need to define the correct distance measure. SPSS offers three large blocks
of distance measures for interval (scale), counts (ordinal), and binary(nominal) data.
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For scale data, the most common is Square EuclidianDistance. It is based on the Euclidian Distance
between two observations, which uses Pythagoras'formula for the right triangle: the distance is the
square root of squared distance on dimension x andy. The Squared Euclidian Distance is this distance
squared, thus it increases the importance of largedistances, while weakening the importance of small
distances.
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If we have ordinal data (counts) we can select between Chi-Square (think cross-tab) or a standardized
Chi-Square called Phi-Square. For binary data SPSS has a plethora of distance measures. However, the
Square Euclidean distance is a good choice to start with and quite commonly used. It is based on the
number of discordant cases.
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In our example we choose Interval and Square Euclidean Distance.
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Next we have to choose the Cluster Method. Typically choices are Between-groups linkage (distance
between clusters is the average distance of all data points within these clusters), nearest neighbor
(single linkage: distance between clusters is the smallest distance between two data points), furthest
neighbor (complete linkage: distance is the largest distance between two data points), and Ward's
method (distance is the distance of all clusters to the grand average of the sample). Single linkage works
best with long chains of clusters, while complete linkage works best with dense blobs of clusters and
between-groups linkage works with both cluster types. The usual recommendation is to use single
linkage first. Although single linkage tends to create chains of clusters, it helps in identifying outliers.
After excluding these outliers, we can move onto Ward's method. Ward's method uses the F value (like
an ANOVA) to maximize the significance of differences between cluster, which gives it the highest
statistical power of all methods. The downside is that it is prone to outliers and creates small clusters.
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A last consideration is standardization. If the variables have different scales andmeans we might want

to standardize either to Z scores or just by centering the scale. We can also transform the values to

absolute measures if we have a data set where this might be appropriate.

lThe Output of the Cluster Analysis

The first table shows the agglomeration schedule. This output does not carry a lot of meaning, but it

shows the technicalities of the cluster analysis. A hierarchical analysis starts with each case in a single

cluster and then merges the two closest clusters depending on their distance. In our case of single
linkage and square Euclidean distance it merges student 51 and 53 as a first step. Next, this cluster's

distances to all other clusters are calculated again (because of single linkage it is the nearest neighbor
distance). And finally, second step merges student 91 and 105 into another cluster and so on forth, until
all cases are merged into one large cluster.
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Agglomeration Schedule

Stage Cluster Combined Stage Cluster First Appears

Cluster1 | Cluster2 | Coefficients Cluster 1 Cluster 2 Next Stage
1 51 53 .009 0 0 39
2 91 105 .009 0 0 57
3 54 73 017 0 0 31
4 41 95 .026 0 0
5 45 88 .028 0 0
6 41 87 .031 4 0 24
7 39 64 034 0 0 29
8 45 47 .034 5 0 13
9 37 40 .034 0 0 26
10 23 66 .036 0 0 14
11 59 86 .039 0 0 19
12 24 102 042 0 0 62
13 2 45 .042 0 8 15
14 23 57 .043 10 0 18
15 2 71 .043 13 0 16
16 85 .044 15 0 28
17 32 46 .049 0 0 34
18 23 38 .050 14 0 19
19 23 59 .056 18 11 26
20 67 79 .056 0 0 21

The icicle and dendrogram plot show the agglomeration schedule in a slightly more readable format. It
shows from top to bottom how the cases are merged into clusters. Since we used single linkage we find

that three cases form a chain and should be excluded as outliers.
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Dendrogram using Single Linkage
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After excluding (by simply erasing) cases 3, 4, and 20 we
rerun the analysis with Ward's method and we get the
following dendrogram (right). The final task is to identify
the correct number of clusters. A rule of thumb is to
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of the data as possible. This rule is fulfilled at the largest
step in the dendrogram. Of course, this is up for
interpretation. In this case however, it is quite clear that

Case 88 88/
Case 102 102
Case 2121
Case 99 99!
Case 69 69
Case 104 104
Case 101101
Case 18 18/
Case 5252
Case 90 90!
Case 24 24/
Case 66 65
Case 27 27/
Case 64 64/
Case 76 76!
Case 8181
Case 33 33/
Case 1212/
Case 3232/
Case 80 80/
Case 7171
Case11
Case 9191
Case 3131
Case 7979
Case44
Case 5757
Case 58 58/
Case 99
Case 1313/
Case 6565
Case 97 97/
Case 96 96!
Case 2222
Case 89 89/
Case 100 100

Case 28

Dendrogram using Ward Linkage

Rescaled Distance Cluster Combine

15
L

20
!

Case 4747/
Case 86 86!
Case77
Case 25 25
Case 1414/
Case55
Case 30 30!
Case 15 15!
Case 66
Case 62 62
Case33
Case 16 16!
Case 1111
Case88
Case 7272
Case 7373/
Case 10 10!
Case 94 94/
Case 46 46!
Case 103 103
Case 26 26
Case 78 78!
Case 2323
Case 60 60!
Case 7575
Case 49 49!
Case 95 95
Case 29 29

Case 43
Case 98 98/
Case 48 48/
Case 50 50
Case 59 59
Case 4141
Case 77 77
Case 34 34/
Case 37 37/
Case 7474
Case 4545/
Case 87 87,
Case 93 93/
Case 36 36!
Case 6161

Case22
Case 44 44/
Case 39 39!
Case 4242/
Case 8585/
Case 68 68!
Case 8282
Case 1919
Case 40 40!

Case 38

Case 9292
Case 84 84/
Case 1717/
Case 53 53/
Case 5555
Case 5151
Case 70 70!
Case 20 20!
Case 63 63/
Case 56 56
Case 83 83/
Case 35 35
Case 54 54/
Case 67 67,

187




the best solution is a two-cluster solution. The biggest step is from 2 to 1 cluster, and is by far bigger
than from 3 to 2 clusters.

Upon rerunning the analysis, this time in the dialog box Save... we can specify that we want to save the
two cluster solutions. In this case a new variable will be added that specifies the grouping. This then

would be the dependent variable in our discriminant analysis; it would check the goodness of fit and the
profiles of our clusters.
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I Factor Analysis

I What is the Factor Analysis?

The Factor Analysis is an explorative analysis. Much like the cluster analysis grouping similar cases, the
factor analysis groups similar variables into dimensions. This process is also called identifying latent
variables. Since factor analysis is an explorative analysis it does not distinguish between independent and
dependent variables.

Factor Analysis reduces the information in a model by reducing the dimensions of the observations. This
procedure has multiple purposes. It can be used to simplify the data, for example reducing the number
of variables in predictive regression models. If factor analysis is used for these purposes, most often
factors are rotated after extraction. Factor analysis has several different rotation methods—some of
them ensure that the factors are orthogonal. Then the correlation coefficient between two factors is
zero, which eliminates problems of multicollinearity in regression analysis.

Factor analysis is also used in theory testing to verify scale construction and operationalizations. In such
a case, the scale is specified upfront and we know that a certain subset of the scale represents an
independent dimension within this scale. This form of factor analysis is most often used in structural
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equation modeling and is referred to as Confirmatory Factor Analysis. For example, we know that the
guestions pertaining to the big five personality traits cover all five dimensions N, A, O, and I. If we want
to build a regression model that predicts the influence of the personality dimensions on an outcome
variable, for example anxiety in public places, we would start to model a confirmatory factor analysis of
the twenty questionnaire items that load onto five factors and then regress onto an outcome variable.

Factor analysis can also be used to construct indices. The most common way to construct an index is to
simply sum up the items in an index. In some contexts, however, some variables might have a greater
explanatory power than others. Also sometimes similar questions correlate so much that we can justify
dropping one of the questions completely to shorten questionnaires. In such a case, we can use factor
analysis to identify the weight each variable should have in the index.

N The Factor Analysis in SPSS

The research question we want to answer with our explorative factor analysis is as follows:

What are the underlying dimensions of our standardized and aptitude test scores?
That is, how do aptitude and standardized tests form performance dimensions?

The factor analysis can be found in Analyze/Dimension Reduction/Factor...
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In the dialog box of the factor analysis we start by adding our variables (the standardized tests math,
reading, and writing, as well as the aptitude tests 1-5) to the list of variables.
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In the dialog Descriptives... we need to add a few statistics for which we must verifythe assumptions
made by the factor analysis. If you want the Univariate Descriptives that is your choice, but to verify the
assumptions we need the KMO test of sphericity and the Anti-Image Correlation matrix.
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The dialog box Extraction... allows us to specify the extraction method and the cut-off value for the
extraction. Let's start with the easy one — the cut-off value. Generally, SPSS can extract as many factors
as we have variables. The eigenvalue is calculated for each factor extracted. If the eigenvalue drops
below 1 it means that the factor explains less variance than adding a variable would do (all variables are
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standardized to have mean = 0 and variance = 1). Thus we want all factors that better explain the model
than would adding a single variable.

Method:
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The more complex bit is the appropriate extraction method. Principal Components (PCA) is the standard
extraction method. It does extract uncorrelated linear combinations of the variables. The first factor has
maximum variance. The second and all following factors explain smaller and smaller portions of the
variance and are all uncorrelated with each other. It is very similar to Canonical Correlation Analysis.
Another advantage is that PCA can be used when a correlation matrix is singular.

The second most common analysis is principal axis factoring, also called common factor analysis, or
principal factor analysis. Although mathematically very similar to principal components it is interpreted
as that principal axis that identifies the latent constructs behind the observations, whereas principal
component identifies similar groups of variables.

Generally speaking, principal component is preferred when using factor analysis in causal modeling, and
principal factor when using the factor analysis to reduce data. In our research question we are
interested in the dimensions behind the variables, and therefore we are going to use Principal Axis
Factoring.

The next step is to select a rotation method. After extracting the factors, SPSS can rotate the factors to
better fit the data. The most commonly used method is Varimax. Varimax is an orthogonal rotation
method (that produces independent factors = no multicollinearity) that minimizes the number of
variables that have high loadings on each factor. This method simplifies the interpretation of the
factors.
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A second, frequently used method is Quartimax. Quartimax rotates thefactors in order to minimize the
number of factors needed to explain each variable. This method simplifies the interpretation of the
observed variables.

Another method is Equamax. Equamax is a combination of the Varimax method, which simplifies the
factors, and the Quartimax method, which simplifies the variables. The number of variables that load
highly on a factor and the number of factors needed to explain a variable are minimized. We choose
Varimax.

In the dialog box Options we can manage how missing values are treated — it might be appropriate to
replace them with the mean, which does not change the correlation matrix but ensures that we don't
over penalize missing values. Also, we can specify that in the output we don't want to include all factor
loadings. The factor loading tables are much easier to interpret when we suppress small factor loadings.
Default value is 0.1 in most fields. It is appropriate to increase this value to 0.4. The last step would be
to save the results in the Scores... dialog. This calculates a value that every respondent would have
scored had they answered the factors questions (whatever they might be) instead. Before we save
these results to the data set, we should run the factor analysis first, check all assumptions, ensure that
the results are meaningful and that they are what we are looking for and then we should re-run the
analysis and save the factor scores.
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IThe Output of the Factor Analysis

The first table shows the correlation matrix. This is typically used to do an eyeball test and get a feeling
for which variable is strongly associated with which variable.

Correlation Matrix
Test Score | Test2 Score | Test3 Score | Aptl Aptitude | Apt2 Aptitude | Apt3 Aptitude | Aptd Aptitude | Apt5 Aptitude
Math Test Reading Test | Writing Test Test1 Test2 Test3 Test4 Test5

Correlation  Test Score Math Test 1.000 582 747 AT2 -252 -107 -.261 =217
Test2_Score Reading 582 1.000 645 750 -601 -178 -319 -354

Test
Test3_Score Writing Test T47 645 1.000 601 -338 -116 -253 -236
Apt1 Aptitude Test 1 472 750 601 1.000 -499 -098 -372 -468
Apt2 Aptitude Test2 -252 -601 -338 -499 1.000 164 M7 339
Apt3 Aptitude Test3 -107 -178 -116 -098 164 1.000 -105 -025
Aptd Aptitude Test4 -.261 -319 -253 -372 M7 -105 1.000 295
Aptd Aptitude Test5 =217 -354 -236 -468 339 -025 295 1.000

The next table is the KMO and Bartlett test of sphericity. The KMO criterion can have values between
[0,1] where the usual interpretation is that 0.8 indicates a good adequacy to use the data in a factor

analysis. If the KMO criterion is less than 0.5 we cannot extract in some meaningful way.
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KMO and Bartlett's Test

Kaiser-Meyer-Olkin Measure of Sampling Adequacy. 792
Bartlett's Test of Approx. Chi-Square 340.073
Sphericity
df 28
Sig. .000

The next table is the Anti-lmage Matrices. Image theory splits the variance into image and anti-image.
Next we can check the correlation and covariances of the anti-image. The rule of thumb is that in the

anti-image covariance matrix only a maximum of 25% of all non-diagonal cells should be greater than

[0.09].

The second part of the table shows the anti-image correlations the diagonal elements of that matrix are
the MSA values. Like the KMO criterion the MSA criterion shows if each single variable is adequate for a
factor analysis. A figure of 0.8 indicates good adequacy; if MSA is less than 0.5, we should exclude the
variable from the analysis. We find that although aptitude test 5 has a MSA value of .511 and might be a
candidate for exclusion, we can proceed with our factor analysis.

Anti-image Matrices

Test_Score Test2_Score Test3_Score Apt1 Aptitude | Apt2 Aptitude | Apt3 Aptitude | Apt4 Aptitude | Apt5 Aptitude
Math Test Reading Test | Writing Test Test1 Test2 Test3 Test4 Test5
Anti-image Covariance  Test_Score Math Test 411 -.081 -227 040 -058 015 043 027
Test2_Score Reading -.081 292 -047 -.148 A72 054 048 -023
Test
Test3_Score Writing Test -227 -047 .351 -090 -003 002 -017 -038
Apt1 Aptitude Test 1 040 -.148 -.090 .354 032 -004 085 147
Apt2 Aptitude Test2 -.058 A72 -003 032 589 -.055 084 -113
Apt3 Aptitude Test 3 015 054 002 -004 -.055 930 126 058
Apt4 Aptitude Test4 043 048 -017 085 084 126 799 -116
Apt5 Aptitude Test5 027 -023 -038 147 -113 058 -116 735
Anti-image Correlation ~ Test_Score Math Test 7472 -233 -597 105 -117 024 074 049
Test2_Score Reading -233 8012 -.146 -459 415 103 100 -050
Test
Test3_Score Writing Test -597 -146 q79° -.255 -006 003 -032 -074
Apt1 Aptitude Test 1 105 -459 -.255 8152 .069 -007 159 289
Apt2 Aptitude Test2 -17 415 -.006 069 7972 -075 123 =17
Apt3 Aptitude Test 3 024 103 003 -007 -075 7082 146 070
Apt4 Aptitude Test4 074 100 -032 159 123 146 8272 -152
Apt5 Aptitude Test5 049 -050 -074 289 -171 070 -152 8112

a. Measures of Sampling Adequacy(MSA)

The next table shows the communalities. The communality of a variable is the variance of the variable
that is explained by all factors together. Mathematically it is the sum of the squared factor loadings for
each variable. A rule of thumb is for all communalities to be greater than 0.5. In our example that does
not hold true, however for all intents and purposes, we proceed with the analysis.
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Communalities

Initial Extraction
Test_Score Math Test .589 .707
Test2_Score Reading .708 805
Test
Test3_Score Writing Test 649 787
Apt1 Aptitude Test 1 646 729
Apt2 Aptitude Test 2 411 546
Apt3 Aptitude Test 3 .070 141
Aptd Aptitude Test 4 201 357
Apt5 Aptitude Test 5 265 345

Extraction Method: Principal Axis Factoring.

The next table shows the total explained variance of the model. The table also includes the eigenvalues of
each factor. The eigenvalue is the sum of the squared factor loadings for each factor. SPSS extracts all
factors that have an eigenvalue greater than 0.1. In our case the analysis extracts three factors. This table
also shows us the total explained variance before and after rotation. The rule of thumb is that the model
should explain more than 70% of the variance. In our example the model explains 55%.

Total Variance Explained

Factor Initial Eigenvalues Extraction Sums of Squared Loadings Rotation Sums of Squared Loadings
Total % of Variance | Cumulative % Total % of Variance | Cumulative % Total % of Variance | Cumulative %
1 3.634 45.419 45.419 3.317 41.464 41.464 1.946 24325 24325
2 1.180 14.752 60.170 625 7.816 49.280 1.915 23.939 48.265
3 1.001 12.508 72.678 AT76 5.950 55.229 557 6.965 55.229
4 744 9.303 81.981
5 609 7.610 89.591
6 .395 4.939 94.530
7 245 3.066 97.596
8 192 2404 100.000

Extraction Method: Principal Axis Factoring.

The eigenvalues for each possible solution are graphically shown in the Scree Plot. As we find with the
Kaiser-Criterion (eigenvalue > 1) the optimal solution has three factors. However in our case we could
also argue in favor of a two factor solution, because this is the point where the explained variance
makes the biggest jump (the elbow criterion). This decision rule is similar to the rule we applied in
cluster analysis.

195



Scree Plot
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Other criteria commonly used are that they should explain 95%. In our example wewould then need six
factors. Yet another criterion is that there should be less than half the number of variables in the
analysis, or as many factors that you can interpret plausibly and sensibly. Again, factor analysis is
somewhat an art.

The next two tables show the factor matrix and the rotated factor matrix. These tables are the key to
interpreting our three factors. The factor loadings that are shown in these tables are the correlation
coefficient between the variable and the factor. The factor loadings should be greater than 0.4 and the
structure should be easy to interpret.

Labeling these factors is quite controversial as every researcher would interpret them differently. The
best way to increase validity of the findings is to have this step done by colleagues and other students
that are familiar with the matter. In our example we find that after rotation, the first factor makes
students score high in reading, high on aptitude test 1, and low on aptitude tests 2, 4, and 5. The second
factor makes students score high in math, writing, reading and aptitude test 1. And the third factor
makes students score low on aptitude test 2. However, even if we can show the mechanics of the factor
analysis, we cannot find a meaningful interpretation of these factors. We would most likely need to go
back and look at the individual results within these aptitude tests to better understand what we see
here.
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Factor Matrix?

Factor
1 2 3
Test Score Math Test 713 444
Test2_Score Reading 879
Test
Test3_Score Writing Test 797
Apt1 Aptitude Test 1 .826
Apt2 Aptitude Test 2 -.582
Apt3 Aptitude Test 3
Apt4 Aptitude Test 4 439
Apt5 Aptitude Test5 -454
Extraction Method: Principal Axis Factoring.
a. 3 factors extracted. 13 iterations required.
Rotated Factor Matrix?
Factor
1 2 3

Test Score Math Test .816
Test2_Score Reading .664 525
Test
Test3_Score Writing Test 830
Apt1 Aptitude Test 1 731 435
Apt2 Aptitude Test 2 -.604 -406
Apt3 Aptitude Test 3
Apt4 Aptitude Test 4 -409
Apt5 Aptitude Test 5 -.565

Extraction Method: Principal Axis Factoring.
Rotation Method: Varimax with Kaiser Normalization.

a. Rotation converged in 5 iterations.
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