
Slide 1

                                
 

 

Crash Course in Statistics 
 

Data Analysis (with SPSS) 

Part 1 & 2 

 

July 2009 

  

Dr. Jürg Schwarz    juerg.schwarz@schwarzpartners.ch 

Neuroscience Center Zurich 

Slide 2

Program 27. July 2009: Morning Lessons (0900 - 1200) 

 

�  Some notes about… 

- Type of data (Scales, Distributions) 

- Transformation of data / Data trimming 

 

�  Exercises 

- Chapters 3 to 7 of theory 

- Check of dataset 
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Program 28. July 2009: Morning Lessons (0900 - 1200) 

 

�  Multivariate Analysis (Regression, ANOVA) 

 

- Introduction to Regression Analysis 

  General purpose 

Key steps 

Simple Example 

Testing of requirements 

Example of multiple regression 

 

- Introduction to Analysis of Variance (ANOVA) 

Simple Example: One-Way ANOVA 

Example of Two-Way ANOVA 

Types of ANOVA 

Requirements 
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Program 28. July 2009: Afternoon Lessons (1300 - 1600) 

 

�  Introduction to other multivariate methods (categorical/categorical – metric/metric) 

- Methods 

- Choice of method 

- Example of discriminant analysis 

 

�  Remains of the course 

- Questions about Crash Course "Data Analysis (with SPSS)" 

- Questions about your own work 

- Evaluation (Feedback Form) 

- Certificate of participation 
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Some notes about… 

Types of Scales 

Attributes of measurement objects can be measured with four types of scales*. 

Example: A health survey 

Measurement object

Attribute of Object

Value of Attribute

Type of Scale

Person

Sex

Male / Female

Nominal

Attitude to health 

1 to 5

Ordinal

Blood pressure

Real number

Interval

Net-Income

Real number

Ratio

Metric
(SPSS: Scale )

Categorical
(SPSS: Nominal, Ordinal )  

 
* Stevens S.S. (1946): On the Theory of Scales of Measurement; Science, Volume 103, Issue 2684, pp. 677-680 
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Nominal scale 

Consists of "names" (categories). 

Must be measured in a distinct statistical sense. 

Names do not have any specific order. 

Examples: 

�  Gender is either male or female 

�  Types of cancer treatment include surgery, radiation therapy and chemotherapy. 

 

Assign numbers to a nominal scale by attaching an arbitrary but distinct code to each category. 
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Ordinal scale 

Consists of an ordering in the values of a measurement. 

Examples: 

�  Disease severity measured in ordered values (none, mild, moderate, serious, critical). 

�  Self-perception of health ordered from very bad to very good on a 5-point Likert scale. 

 

Assign numbers to ordinal scale by attaching an ordered code to each category. 

 

 

 

 

 

 

 

 

1 2 3 4 5

� � � � �

Please mark one box �  per question

2.01
Compared with the health of 
others in my age, my health is

very bad very good

: 
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Metric scale 

 

Reflects characteristics which can be measured exactly in terms of quantity. 

 

Examples: 

�  Clinical measurements, such as body size, weight, blood pressure. 

�  Socio-economic status (SES) measurements, such as age, net-income, commuting distance. 

 

Assign numbers to metric scale by attaching the value of measurement itself. 

 

 

 

 

 

 

 

: 
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Hierarchy of scales  

 

Nominal scales are the "lowest" and ratio scales are the "highest". 

 

 Scale … Example 

Nominal not be treated as ordi-
nal, interval or ratio. 

Male = 0, Female = 1. There is no possibility to order. 
Only few transformations possible. 

Ordinal may be treated as 
nominal but not as 
interval or ratio. 

Self-perception of health ordered from very bad (= 1) to very 
good (= 5). "very good" is neither five times better than “very 
bad”, nor does “very good” have a distance 
of 4 to “very bad”. 

Interval may be treated as 
ordinal or nominal but 
not as ratio. 

Temperature: Difference between 5° and 10° is 5°. 
Difference between 20° and 25° is also 5°. 
Differences can be compared. But, 10° is not twice 5°. 
Compare with Fahrenheit scale! 10° C = 50° F, 5° C = 41° F 

Ratio may be treated as 
ordinal, nominal or 
interval. 

Salary: $ 8000.- is twice $ 4000.- 
There is a "natural" zero in this scale: $ 0.- 
Any transformations possible, e.g. division by 1000. 
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Properties of scales 
 

Level Determination of ... Statistics

Nominal equality or unequality =, � Mode

Ordinal greater, equal or less >, <, = Median

Interval equality of differences (x1 - x2) �  (x3 - x4) Arithmetic mean

Ratio equality of ratios (x1 / x2) �  (x3 / x4) Geometric meanm
et

ric
ca

te
go

ric
al

 

 
 
Level Possible transformation

Nominal one-to-one substitution x1 ~ x2 <=> f(x1) ~ f(x2)

Ordinal monotonic increasing x1 > x2 <=> f(x1) > f(x2)

Interval positiv linear f ' = af  + b with a > 0

Ratio postiv proportional f ' = af  with a > 0m
et

ric
ca

te
go

ric
al
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Summary: Type of scales 
 

Statistical analysis assumes that the variables have specific levels of measurement. 
Variables that are measured nominal or ordinal are also called categorical  variables. 
Exact measurements on a metric scale are statistically preferable. 
 

Why does it matter whether a variable is categorical or metric? 
For example, it would not make sense to compute an average for gender. 
In short, an average requires a variable to be metric. 
 

Sometimes variables are "in between" ordinal and metric. 
Example: A Likert scale with "strongly agree", "agree", "neutral", "disagree" and "strongly  
disagree". 
If it is unclear whether or not the intervals between each of these five values are the same, then 
it is an ordinal and not  a metric variable. 
In order to calculate statistics, it is often assumed that the intervals are equally spaced. 

Many circumstances require metric data to be grouped into categories. 
Such ordinal categories are sometimes easier to understand than exact metric measurements. 
In this process, however, valuable exact information is lost. 
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Exercises: Scales 

 

1. Read "Summary: Type of Scales" above. 

                                      2.   Which type of scale?  

Where do you live? 
 �     �     �     �  
north  south  east  west 

 

Size of T-shirt (XS, S, M, L, XL, XXL)  

1 2 3 4 5

� � � � �

Please mark one box �  per question

2.01
Compared with the health of 
others in my age, my health is

very bad very good

 

 

How much did you spend on food this week?  _____ $  

Size of shoe in Europe  
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Distributions 

Take an optical impression. Source: http://en.wikipedia.org (Date of access: July, 2009) 

 

  

  

 

Normal 

Widely used 
in statistics 
(Statistical 
inference). 

Poisson 

Law of rare 
events (origin 
1898: number 
of soldiers 
killed by 
horse-kicks 
each year). 

Exponential 

Queuing 
model (e.g. 
average time 
spent in a 
queue). 

Pareto 

Allocation of 
wealth 
among indi-
viduals of a 
society ("80-
20 rule"). 
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Measure of the symmetry of a distribution 

 

Skewness  (German: Schiefe) 

A distribution is symmetric if it looks the same to the 
left and right of the center point. 

Skewness is a measure of the lack of symmetry. 

Range of skewness 

Negative values for the skewness indicate distribution that is skewed left. 

Positive values for the skewness indicate distribution that is skewed right. 

 

Kurtosis  (German: Wölbung) 

Kurtosis is a measure of how the distribution is shaped relative to a normal distribution. 

A distribution with high kurtosis tend to have a distinct peak near the mean. 

A distribution with low kurtosis tend to have a flat top near the mean. 

Range of kurtosis 

Standard normal distribution has a kurtosis of zero. 

Positive values for the kurtosis indicates a "peaked" distribution. 

Negative values for the kurtosis indicates a "flat" distribution. 

<Analyze><Descriptive Statistics>< Frequencies...>

: 
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Example 

Dataset "Tschernobyl.sav" (Radioactivity measured in Becquerels) 

BQ

5500.0

5000.0

4500.0

4000.0

3500.0

3000.0

2500.0

2000.0

1500.0

1000.0

500.0

0.0

BQ

F
re

qu
en

cy

20

10

0

Std. Dev = 1278.31  

Mean = 632.7

N = 23.00

 

LNBQ

9.0

8.0

7.0

6.0

5.0

4.0

3.0

2.0

1.0

0.0

-1.0

-2.0

LNBQ

F
re

qu
en

cy

7

6

5

4

3

2

1

0

Std. Dev = 2.92  

Mean = 3.5

N = 23.00

 

 

Distribution of original data is skewed right . 

Distinct peak near zero. 

 

 

 

 

 

Log transformed* data is slightly  skewed right. 

More likely to show normal distribution. 

 

*More to come next chapter 

 

Statistics

23 23

0 0

2.588 .224

.481 .481

7.552 -.778

.935 .935

Valid

Missing

N

Skewness

Std. Error of Skewness

Kurtosis

Std. Error of Kurtosis

BQ LNBQ
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Q-Q plot 

The quantile-quantile (q-q) plot is a graphical technique for deciding if two samples come from 
populations with the same distribution. 

 

Quantile: the fraction (or percent) of points below a given value. 

For example the 0.5 (or 50%) quantile is the point at which 50% percent of the data fall below 
and 50% fall above that value. 

 

Sample Distribution (simulated data) 

50% Quantile 50% Quantile 

Standard Normal Distribution 
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In the plot, quantiles of the first sample are set against the quantiles of the second sample. 
 

If the two sets come from a population with the same distribution, the points should fall 

approximately along a 45-degree reference. 
 

The greater the displacement from this reference line, the greater the evidence for the conclu-
sion that the two data sets have come from populations with different distributions. 
 

Some advantages of the q-q plot are: 

The sample sizes do not need to be equal. 

Many distributional aspects can be simultaneously tested. 
 

Difference between Q-Q plot and P-P plot 

 

 

A q-q plot is better when assessing the goodness of fit in the tail of the distributions. 

The normal q-q plot is more sensitive to deviances from normality in the tails of the distribution, 
whereas the normal p-p plot is more sensitive to deviances near the mean of the distribution. 

Q-Q plot : Plots the quantiles of a vari-
able's distribution against the quantiles 
of any of a number of test distributions. 

P-P plot : Plots a variable's cumulative pro-
portions against the cumulative proportions 
of any of a number of test distributions. 



Slide 23

Quantiles of the first sample are set against the quantiles of the second sample. 
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Sample Distribution (simulated data)
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Example of q-q plot with simulated data 

Standard Normal vs. Standard Normal Sample Distribution vs. Standard Normal 
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Example 

Dataset "Tschernobyl.sav" 

Distribution of original data Distribution of log transformed data 
Normal Q-Q Plot of BQ

Observed Value

6000400020000-2000

E
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te

d 
N
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al
 V
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ue

4000

3000

2000

1000

0

-1000

-2000

 

Normal Q-Q Plot of LNBQ

Observed Value

1086420-2-4

E
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m
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6

4

2

0

-2

-4

 
Detrended Normal Q-Q Plot of BQ

Observed Value

6000500040003000200010000-1000

D
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3000

2000
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0

-1000
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Detrended Normal Q-Q Plot of LNBQ

Observed Value

1086420-2

D
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n 
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or
m

al

1.5

1.0

.5

0.0

-.5

-1.0

 

 

Slide 26

Transformation of data 

Why transform data? 

1. Many statistical models are based on the mean and thus require that the distribution is ap-
proximately normal distributed. 

2. Linear least squares regression assumes that the relationship between two variables is linear. 
Often we can "straighten" a non-linear relationship by transforming the variables. 

3. In some cases it can help you better examine a distribution. 

 

When transformations fail to remedy these problems, another option is to use 
nonparametric methods , which makes fewer assumptions about the data. 

 

Type of transformation 

�  Linear Transformation 

 Does not change shape of distribution. 

  

�  Non-linear Transformation 

 Changes shape of distribution. 
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Linear transformation 

A very useful linear transformation is standardization. 

(Z-transformation, also called "converting to Z-scores" or "taking Z-scores") 

 

 

Transformation rule 

i
i

x ˆ
z

ˆ
� �

�
�    

ˆ  mean of sample

ˆ  standard deviation of sample

m

s  

 

Original distribution will be transformed to one in which the mean becomes zero and 

the standard deviation becomes one => z ~ N(0,1) 

 

A Z-score quantifies the original score in terms of the number of standard deviations that the 
score is from the mean of the distribution. 

 

=> Use Z-scores to filter outliers 

<Analyze><Descriptive Statistics><Descriptives...>  
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Logarithmic transformation 

Works for data that are skewed right . 

Works for data where residuals  get bigger for bigger values of the dependent variable. 

Such trends in the residuals occur often, because the error or change in the value of an outcome 
variable is often a percent of the value rather than an absolute value. 

For the same percent error, a bigger value of the variable means a bigger absolute error, 

so residuals are bigger too. 

Taking logs "pulls in" the residuals for the bigger values. 

 log(Y*error) = log(Y) + log(error) 

 

 

Transformation rule 

f (x) log(x); x 1

f (x) log(x 1); x 0

= ³

= + ³  

 

size (in cm)

200190180170160150

w
ei

gh
t (

in
 k

g)

100

90

80

70

60

50

40

Example: Body size against weight 
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Logarithmic transformation I 

 

 

 

 

Symmetry 

A logarithmic transformation reduces 
positive skewness because it compresses 
the upper tail of the distribution while 
stretching out the lower trail. This is be-
cause the distances between 0.1 and 1, 1 
and 10, 10 and 100, and 100 and 1000 
are the same in the logarithmic scale. 
This is illustrated by the histogram of 
data simulated with salary (hourly 
wages) in a sample of nurses*. In the 
original scale, the data are long-tailed to 
the right, but after a logarithmic trans-
formation is applied, the distribution is 
symmetric. The lines between the two 
histograms connect original values with 
their logarithms to demonstrate the 
compression of the upper tail and 
stretching of the lower tail. 
 
*More to come in chapter "ANOVA". 

Histogram of 
original data

Histogram of 
transformed data
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Logarithmic transformation II 

 

 

 

skewed right 

Histogram of 
original data

Histogram of 
transformed data

Transformation 
y = log10(x)

nearly normal distributed 
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Summary: Data transformation 

Linear transformation and logarithmic transformation as discussed above. 

Other transformations 

Root functions 

1/ 2 1/3f (x) x , x ; x 0= ³  

usable for right skewed distributions 

Hyperbola function 

1f (x) x ; x 1-= ³  

usable for right skewed distributions 

Box-Cox-transformation 

f (x) x ; 1l= l >  

usable for left skewed distributions 

Probit & Logit functions (cf. logistic Regression) 

p
f (p) ln( );p [0,1]

1 p
= Î

-  

usable for proportions and percentages 

Interpretation and usage 

Interpretation is not always easy. 

Transformation can influence results significantly. 

Look at your data and decide if it makes sense in the context of your study. 
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Data trimming 

 

Data trimming deals with 

�  Finding outliers and extremes in your data set. 

�  Dealing with outliers: Deletion, Correction, Imputation 

�  Transforming data if necessary (see chapter above). 

 

Finding outliers and extremes 

Get an overview over the dataset! 

�  How does distribution looks like? 

�  Arte there any values that are not expected? 

 

Methods? 

�  Use basic statistics: <Analyze> with <Frequencies> and <Descriptives…> 

 Outliers => e.g. Z-scores higher/lower 2 st. dev., extremes => higher/lower 3 st. dev. 

�  Use graphical techniques: Histogram, Q-Q plot, Boxplot … 

 Outliers => e.g. as indicated in boxplot 
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Boxplot 

A Boxplot displays the center, spread and outliers of a distribution. 

See Appendix for more details about Whiskers, Outliers etc. 

 

 

439N =

AGE

100

80

60

40

20

0

357

"Box" identifies the
middle 50% of datset

Median

Whisker

Whisker

Outlier (Number in Dataset)

 

 

Boxplots are an excellent tool for detecting 
and illustrating location and variation 
changes between different groups of data. 

 

254435383719N =

EDUC

765432

IN
C

O
M

E

110

100

90

80

70

60

50

40

30

99
9497
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Boxplot and error bars 

 

Boxplot Error bars 

Keyword "median" 

overview over data and illustration of data 
distribution (range, skewness, outliers) 

Keyword "mean" 

overview over mean and confidence interval or 
standard error 

  

5612312085532N =

highest educ completed

654321

A
G

E

100

80

60

40

20

0

245

357

314

 

5612312085532N =

highest educ completed

654321

95
%

 C
I A

G
E

200

100

0

-100

 

 



Slide 35

Exercises: Chapters 3 to 7 & Distributions &Transformations 

Data & Syntax: www.schwarzpartners.ch/ZNZ   => Data&Syntax   => _Chapters 3 to 7 
Documentation: www.luchsinger-mathematics.ch/znz.html  => SPSS Doku for Luchsinger's part 

 

1. Chapters 3 to 7 of Theory 

Method SPSS Sequence Dataset (*.sav) 

Correlation <Analyze> <Correlate> <Bivariate…> Outputpig 

t-Test <Analyze> <Compare Means> <One-Sample T Test> 1 Sample t-Test 

t-Test <Analyze> <Independent Samples> <T Test> 2 Sample t-Test 

Test for independence <Analyze> <Descriptive Statistics> <Crosstables> Test for independence 1 

Test for independence <Analyze> <Descriptive Statistics> <Crosstables> Test for independence 2 

Sign Test <Analyze> <Nonparametric Tests> <Binomial> Sign Test 

Multiple t-Test <Analyze> <Compare Means> <One-Way-ANOVA> 1-Way-ANOVA 

Q-Q plots <Analyze> <Descriptive Statistics> <Q Q Plot> Q-Q plots 

 

2. Log transformation (Dataset: Tschernobyl.sav) 
 

Transform variable "bq" (radioactivity measured in Becquerels) into log transformed "lnbq". 

Transform variable "dist" (distance measured in kilometers) into log transformed "lndist". 
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Exercises: Data Trimming 

 

1. Learn more about Boxplots 

See Appendix 

 

2. Check dataset DATA.sav 

Find description of variables in Data.xls 

Distribution? Outliers? Other curious things? 
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Linear Regression 

Example 

Market research: Competition analysis ("Konkurrenzanalyse") 

0

1

2

3

4

5

6

7

8

9

10

0 10 20 30 40 50  

 

S
al

es
 v

ol
um

e 
 [U

S
D

 m
ill

io
n]

 

Number of employees [#] 

Dataset 

Sample of n = 10 companies 

Variables for 
�  number of employees (empl) 
�  sales volume (volume) 

 

Typical questions 

Is there a linear relation between 
employee number and sales volume? 
 
What is the predicted sales volume of 
a company with 12 employees? 
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The questions 

Question in everyday language: 
Is there a linear relation between employee number and sales volume? 

Research question: 
What is the relation between employee number and sales volume? 
What kind of model is best for showing the relation? Is regression analysis the right model? 

Statistical question: 
Forming hypothesis 

H0: "No model" (= Insignificant coefficients) 
HA: "Model" (= Significant coefficients) 
Can we reject H0? 
 

The solution 

Regression equation of employees on sales volume 

0 1sales empl u= b + b × +  

0 1

sales dependent variable

empl independent variable

, coefficients

u error term

=

=

b b =

=
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The "How-to" in SPSS 

Scales 
Dependent variable: metric 
Independent variable: metric 

SPSS menu  
<Analyze><Regression>< Linear...> 

The result 

Significant linear model 
Significant coefficient 

volume 2.4 0.111 empl= + ×  
 
Predicted sales volume 
3.8 2.4 0.111 12= + ×  
 

Typical statistical statement: 

There is a linear relation between employee number and the sales volume. 
(Regression: F = 36.28, p-value = .000, R2 = .82). 
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General purpose of regression 
�  Cause analysis  

Learn more about the relationship between an independent variable and a dependent variable.

 Example 

 Is there a complete model that describes the dependence between sales volume and 
employee number, or do these two variables just form a random pattern? 

 

�  Impact analysis  

Assess the impact of changing the independent variable to the value of dependent variable. 

 Example 

 If the number of employees increases, sales volume also increases: 
How strong is the impact? By how much will sales increase with each additional employee? 

 

�  Prediction  

Predict the values of a dependent variable using new values for the independent variable. 

 Example 

 Which is the predicted sales volume of a company with 12 employees? 
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Key steps involved in using a regression analysis ("cooking recipe") 
 

1. Formulation of the model 

�  Common sense should be your guide (remember the example with storks and babies) 

�  Not too many variables 
 

2. Estimation of the model 

�  Model estimation in SPSS (see next chapter) 
 

3. Verification of the model 

�  Are coefficients significant as a group? (i.e. is the whole model significant?) 

 => F-test 

�  Is the regression coefficient significant? 

 => t-test (should be performed only if the F-test is significant) 

�  How much variation does the regression equation explain? 

 => Coefficient of determination ("R squared") 
 

4. Interpretation of coefficient 
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Regression model 

Linear model 

Linear population model that will "explain y in terms of x" 

0 1y x u= b + b × +  

The linear model states that the dependent variable is directly proportional to 
the value of the independent variable. 

 

� 0 (intercept) 

The point where the line crosses the Y-axis. The value of the dependent variable when all of the 
independent variables = 0. 

� 1 (slope) 

The increase in the dependent variable per unit change in 
the independent variable (also known as the "rise over the run") 

u (error term or disturbance) 

Comprises all factors other than x that affect y 
Regression analysis treats all factors affecting y other than x as being unobserved 
=> u stands for "unobserved" 

1

y
x

D
b =

Drun 

ris
e 

Details about mathematics 
in Christof Luchsinger's part 
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Stochastic model 

The error term u is (must be) … 
�  independent of the explanatory variable x 
�  normally distributed  with zero mean and variance s2: u ~ N(0 s2). 
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Regression analysis with SPSS: Some detailed examples 

 

Simple example (EXAMPLE01) 

Dataset EXAMPLE01.SAV: 

Sample of 99 men by body size and weight 

 

Regression equation of size on weight 

= b + b × +0 1weight size u  

0 1

weight dependent variable

size independent variable

, coefficients

u error term

=

=

b b =

=
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SPSS Elements: <Analyze><Regression><Linear...> 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
: 
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SPSS Output (EXAMPLE01) – F-test 

 

 

The null hypothesis (H0) to verify is that there is no effect  on weight 

The alternative hypothesis (HA) is that this is not the case 

H0: b0 = b1 = 0 

HA: at least one of the coefficients is not zero 

 

Empirical F-value and the appropriate p-value are computed by SPSS. 

Thus (Sig. < 0.05), we can reject H0 in favor of HA. This means that the estimated model is not 
only a theoretical construct but one that exists and is statistically significant. 
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SPSS Output (EXAMPLE01) – Regression coefficients 

 

 
 

i 0 1 iweight size= b + b ×  

i iweight 120.375 1.086 size= + ×  

 

Unstandardized coefficients show absolute 
change of dependent variable weight if 
dependent variable size changes one unit. 

 

Note: The constant –120.375 has no 
specific meaning. It's just the intersection 
with the Y axis. 
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SPSS Output (EXAMPLE01) – t-test 

 

 

 

The Coefficients table also provides a significance test for the independent variable. 
The significance test evaluates the null hypothesis that the unstandardized regression coefficient 
for the predictor is zero while all other predictors' coefficients are fixed at zero. 

H0: bi = 0, bj = 0, j¹ i 

HA: bi ¹  0, bj = 0, j¹ i 

 

Checking the t statistic for the size variable (b1) you can see that it is associated with a p-value 
of .000 ("Sig."), indicating that the null hypothesis can be rejected. 

This holds also for the constant (b0) with Sig. = .000. 
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SPSS Output (EXAMPLE01) – Coefficient of determinat ion 
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y

iy  = Data point 

iŷ  = Estimation (model) 
y  = Sample mean 

Error is also called residual  
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SPSS Output (EXAMPLE01) – Coefficient of determinat ion I 

 

 

Summing up distances 

SSTotal       = SSRegression   + SSError 

���
===

-+-=-
n

1i

2
ii

n

1i

2
i

n

1i

2
i )ŷy()yŷ()yy(

 

�	
�	��
��

�����

�� �
SS

R Square =                 0 R Square 1
SS  

R Square, the coefficient of determination , is also the squared value of the correlation coeffi-
cient. It shows that about half the variation of weight is explained by the model (54.6%). 

The higher the R Square, the better the fit. 

Choose "Adjusted R Square" (see multiple regression). 

 

Correlation 

rxy = 0.739 

(rxy)
2 = 0.546 
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What about the requirements? 

 

�  Is it a random sample? 
Yes, sample is simulated. 

�  Do the variables have a normal distribution within the population? 
Yes, sample is simulated. 

�  Do the variables have a linear relationship? 
Yes, relationship is simulated. 

 

 

�  Residuals (= Error) 

 Do they have a normal distribution? 

 
2

iu ~ N(0,� )  

 

 Do they have constant variance (homoscedasticity also called homogeneity of variance)? 

 
2

iVar u = � , for all i  
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SPSS Output (EXAMPLE01) – Residuals 

 

Print histogram of standardized residuals 

 

 

 

Distribution of the standardized residuals is more or less normal => OK. 
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Save residuals 

Print scatterplot x-variable vs. standardized residuals 

 

 

 

Residuals plot trumpet-shaped => Residuals do not have  constant variance. 

Requirement 5 of the Gauss-Markov theorem (homoscedasticity) is violated. 

: 

Slide 54

Violation of the homoscedasticity assumption 

How to diagnose heteroscedasticity 

Informal methods 
Graph the data and look for patterns. 
The scatterplot x-variable vs. standardized residuals 
Look for differences in variance across the fitted values. 

 

Formal methods (We do not pursue this topic further in this course.) 
Goldfeld-Quandt test 
Breusch-Pagan test 

 

Corrections 

One correction to heteroscedasticity is GLS (Generalized Least Squares) 
=> The estimator is provided with information about the variance and covariance of the errors 
  (We do not pursue this topic further in this course.) 

Another possibility is transformation of the variable 
=> Possible correction in the case of EXAMPLE01 => log transformation of variable weight 
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Example with nonlinearity (EXAMPLE02) 

 

Used function 

× 2
i i i

1
Y =10+ X +u

100  

	X  {1, ..., 99}  

iu ~ N(0,7.5)   random variable  

to simulate random data 

 

=> Data set EXAMPLE02.SAV 

 

Data are obviously not linear 

 

Run linear regression with SPSS anyway 

= b + b × +0 1y x u 
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SPSS Output (EXAMPLE02) 

 

 

 R Square: ok 

 

 F-Test: ok 

 

 = b + b × +i 0 1 i iy x u  

 = + ×i iy 3.724 1.032 x  
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SPSS Output (EXAMPLE02) – Residuals 

 

Residuals plot U-shaped => model not linear     Compare with original scatterplot 

 

 

=> Run regression with quadratic term (do not use <Nonlinear…> in this case) 

= b + b × +2
i 0 1 i iy x u  
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SPSS Output (EXAMPLE02 with quadratic term) 

 

 

 R Square: even better! 

 

 F-Test: even better! 

 

 = b + b × +i 0 1 i iy x u  

 = + × 2
i iy 13.764 1.028 x  
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SPSS Output (EXAMPLE02 with quadratic term) – Resid uals 

 

Residuals now normally distributed, have constant variance 
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Multiple regression 

Basic situation  

Given: One dependent variable with metric scale and many independent variables with metric or 
categorical scales. 

Task: Find a relationship between the characteristics. 

 

Regression analysis 

Postulation of a linear model 0 1 1 2 2 p py = x x ... x ub + b × + b × + + b × + 
Regression equation with p independent variables 

Regression analysis 

�  Examines the relation between the dependent variable y and the independent variables xi. 

�  Uses inferential statistics methods to estimate the parameters bi. 

Difference between single and multiple regression analysis 

�  Multiple regression analysis is basically the same as simple regression analysis 

�  Main differences are due to the fact that more variables … 
- lead to problems with correlation between the variables 
- require other strategies for conducting the analysis 
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Multicollinearity 

Outline 

Multicollinearity means there is a strong correlation between two or more variables 
�  What is a strong correlation? The "r > 0.90" rule of thumb is used sometimes 
�  Perfect collinearity means a variable is a linear combination of other variables 
�  If there is perfect collinearity between two variables it becomes impossible to obtain unique 

estimates of the regression coefficients because there are an infinite number of combinations 
 
 SPSS detects perfect collinearity and eliminates redundant variables 
 Example: x1 and x2 have perfect collinearity => x1 is excluded automatically 

   

 
�  Perfect collinearity is rare in real-life data (except the fact that you make a mistake…) 
�  But correlation or even strong correlation between variables is unavoidable in real-life data 
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Symptoms of multicollinearity 

When correlation is strong, standard errors of the parameters become large 
�  It is difficult or impossible to assess the relative importance of the variables 
�  The probability is increased that a good predictor will be found non-significant and rejected 

(Type II error: Fail to reject the null-hypothesis when the null-hypothesis is false) 
�  There might be large changes in parameter estimates when variables are added or removed 
�  There might be parameters with sign opposite of that expected 

Multicollinearity is … 
�  a severe problem when the research purpose includes causal modeling 
�  less important where the research purpose is prediction since the predicted values of 

the dependent remain stable 

 

Some hints to deal with multicollinearity 
�  Ignore multicollinearity if prediction is the only goal 
�  Conduct stepwise regression to eliminate variables with strong correlation 
�  Center the variables to reduce correlation with other variables 

(Centering data refers to subtracting the mean (or some other value) from all observations) 
�  Compute principal components and use them as predictors 
�  With enough data, large standard errors of the parameters will be reduced 
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How to identify multicollinearity 

Look at the correlation between pairs of variables: if the correlation coefficients are greater than 
|0.80| (sometimes |0.90|), the variables are strongly correlated and should not be used. 

Use indicators that are calculated by SPSS 
�  Tolerance 

The percentage of variance in a variable not associated with other variables. 
Tolerance has a range from zero to one. A value of near 1 indicates independence; if the 
tolerance value is close to zero, the variables are multicollinear. 
As a rule of thumb, a tolerance of less than .20  indicates a problem with multicollinearity. 
 

�  Variance inflation factor (VIF) 
VIF is the inverse of the tolerance (1/tolerance). VIF has a range 1 to infinity. 
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Multiple regression analysis with SPSS: Some detailed examples 

Example of multiple regression (EXAMPLE03) 

Dataset EXAMPLE03.SAV: 

Sample of 198 men and women based on body size, weight and age 

 

Regression equation of weight on size and age 

b + b × + b × +0 1 2weight = size age u  

b b b0 1 2

weight = dependent variable

size = independent variable

age = independent variable

, , = coefficients

u = error term
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SPSS Output regression analysis (EXAMPLE03) 

Overall F-test: OK (F = 487.569, p = .000) 
 

 

b + b × + b × +0 1 2weight = size age u  

- + × + ×weight = 85.933 .812 size .356 age  
 

Unstandardized B coefficients show absolute change of the dependent variable weight if  
the dependent variable size changes by one unit. 

The Beta  coefficients are the standardized regression coefficients. 
Their relative absolute magnitudes reflect their relative importance  in predicting weight. 

Beta coefficients are only comparable within a model, not between. Moreover, they are highly 
influenced by misspecification of the model. 
Adding or subtracting variables in the equation will affect the size of the beta coefficients. 
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SPSS Output regression analysis (EXAMPLE03) I 

 

 

 

R Square is influenced by the number of independent variables. 

=> R Square increases with increasing number of variables. 

 

× -
-

- -
n (1 R Square)

Adjusted R square = R square  
n m 1  

- -

n = number of observations

m = number of independent variables

n m 1= degreesof freedom(df)
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Dummy coding of categorical variables 

In regression analysis, a dummy variable (also called indicator or binary variable) is one that 
takes the values 0 or 1 to indicate the absence or presence of some categorical effect that may 
be expected to shift the outcome. 
 

For example, seasonal  effects may be captured by creating dummy variables for each of the 
seasons. Also gender effects may be treated with dummy coding. 

The number of dummy variables is always one less  than the number of categories. 
 
Categorical variable
season season_1 season_2 season_3 season_4
If season = 1 (spring) 1 0 0 0
If season = 2 (summer) 0 1 0 0
If season = 3 (fall) 0 0 1 0
If season = 4 (winter) 0 0 0 1

Dummy variables

 
 

Categorical variable
gender gender_1 gender_2
If gender = 1 (male) 1 0
If gender = 2 (female) 0 1

Dummy variables

  recode gender (1 = 1) (2 = 0) into gender_d. 
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Gender as dummy variable 
 

Women and men have different 
mean levels of size and weight. 

 

         

=> introduce gender as independent dummy variable 
=> recode gender (1 = 1) (2 = 0) into gender_d. 

Mean gender size weight
men 1 181.19 76.32

women 2 170.08 63.95
Total 175.64 70.14
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SPSS Output regression analysis (EXAMPLE03) 

Overall F-test: OK (F = 553.586, p = .000) 
 

 

- + × + × + ×weight = 25.295 .417 size .476 age 8.345 gender_d 
 

"Switching" from women (gender_d = 0) to men (gender_d = 1) raises weight by 8.345 kg. 

 

 

Model fits better (Adjusted R square .894 vs. .832) because of the "separation" of gender. 
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Example of multicollinearity 

Human resources research: Survey on staff satisfaction and commitment. 
 

Dataset Sub-sample of n = 198 employees 
 

Regression model 

b + b × + b × + b × + b × +2
0 1 2 3 4salary = age education experience experience u  

Why a new variable experience2? 

The experience effect on salary is disproportional for younger and older people. 
The disproportionality can be described by a quadratic term. 

 

"experience" and "experience2" 
are highly correlated! 
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SPSS Output regression analysis (Example of multico llinearity) 

 

 

 

 
 

Tolerance is very low for "experience" and "experience2" 

One of the two variables might be eliminated from the model 

=> Use stepwise regression? Unfortunately SPSS does not take into account multicollinearity. 
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SPSS Output regression analysis (Example of multico llinearity) I 

 

 

 

 

 

Prefer this model, 
because a not significant 
constant is difficult to handle. 
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Exercises: Regression 

 

1. Size on weight 

 Conduct simple regression analysis 

 Dataset: EXAMPLE01 

 

2. Distance on radioactive fallout 

 Conduct regression analysis like in Chapter 8 of Theory 

 Dataset: Tschernobyl.sav 

 

3. Conduct regression analysis with nonlinear relation 

 Dataset: EXAMPLE02.sav 

 

4. Size & age on weight 

 Conduct regression analysis with dummy variable "gender" 

 Dataset: EXAMPLE03.sav 
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Analysis of Variance (ANOVA) 

Example 

Human resources research: Survey of nurse salaries in hospitals 
 

1 2 3 All

All 36.- 38.- 42.- 39.-

Level of Experience

Nurse Salary [CHF/h]  

Dataset (ANOVA01.sav) 

Sub-sample of n = 96 nurses 
Among other variables: work experience (3 levels) & salary (hourly wage CHF/h) 
 

Typical Question 
Has experience an effect on the level of salary? 
Are the results just by chance? 
What is the relation between work experience and salary? 

 

grand mean 
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The Questions 

Question in everyday language: 
Has experience really an effect on salary? 

Research question: 
What is the relation between work experience and salary? 
What kind of model is suitable for the relation? Is analysis of variance the right model? 

Statistical question: 
Forming hypothesis 

H0: "No model" (= Not significant coefficients) 
HA: "Model" (= Significant coefficients) 
Can we reject H0? 

 

The Solution 

Linear model with salary as the dependent variable ygk (mean of group g and nurse k) 

gk g gky y= + a + e  

g

gk

y  grand mean

effect of group g

random term

=

a =

e =
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The "How-to" in SPSS 

Scales 
Dependent Variable: metric 
Independent Variables: categorical (called factors), metric (then called covariates) 

SPSS-Menu  
<Analyze><General Linear Model><Univariate...> 

The Result 

Significant ANOVA model ("Corrected Model" with p =.000). Significant variable experien 

 

 

Example interpretation: 
There is a main effect of experience (levels 1, 2, 3) on the salary (F(2, 93) = 46.193 p = .000). 
The value of Adjusted R Squared = .488 shows that 49% of the variation in salary around the 
grand mean  can be predicted by the variable experien. 
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Key steps in using analysis of variance 

1. Design of experiment 

�  ANOVA is typically used for analyzing the findings of experiments 

�  One-way ANOVA, ANOVA for repeated measures 
Factorial ANOVA (two-way ANOVA or higher) 

 

2. Calculating sum of squares 

�  Differences between group means, individual values and grand mean are squared and 
summed up. This leads to the fundamental equation of ANOVA. 

 

3. Significance testing 

�  Test statistic is computed by relation of means of sum of squares. 
 

4. Verification of the model and factors 

�  Is the overall model significant? Are the factors significant? 

�  Are there interaction effects? 
 

5. Checking measures 

�  R squared / Eta squared 

Mixed-design ANOVA 
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Sum of Squares 

Step-by-step 

Survey on hospital nurse salary: Salaries differ regarding the level of experience. 
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Basic idea of ANOVA 

 

Total sum of squared variation of salaries SSt(otal)  is separated into two parts 
�  SSb(etween )  Part of sum of squared variation due to experience level 
�  SSw(ithin )   Part of sum of squared variation due to randomness 

 

 Fundamental equation of ANOVA 

G K G G K
2 2 2

gk g gk g
g 1 k 1 g 1 g 1 k 1

(y y) K (y y) (y y )
= = = = =

- = - + -�� � ��

t(otal)SS b(etween)SS w(ithin)SS
 

 

g: Groups from 1 to G (3 levels of experience), k: Individuals from 1 to K (96 nurses) 

SStotal  = Total sum of squared variation 

SSbetween = Sum of squared variation between groups 

SSwithin  = Sum of squared variation within groups 

SSwithin  = also called SSerror ,describes the rest variation within each group 

1 2 3 b wIf y y y  then SS SS» » �

Slide 80

Significance testing 

Test statistic F for significance testing is computed by relation of means of sum of squares 

 

t
t

SS
MS

G K 1
=

× -  
b

b
SS

MS
G 1

=
-  

w
w

SS
MS

G (K 1)
=

× -  

 

Significance testing for the global model 

b

w

MS
F

MS
=

 

 

The F-test verifies the hypothesis that the means are equal: 

0 1 2 3H : y y y= =  

A i jH : y y  for at least one pair ij¹  

Mean of total sum of squared variation 

Mean of squared variation between groups 

Mean of squared variation within groups 

F follows an F-distribution with G·(K-1) and (G-1) degrees of freedom 

1 2 3 b wIf y y y  then MS MS» » �
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ANOVA with SPSS: A detailed example 

Example of one-way ANOVA (Dataset ANOVA01.sav) 

 

SPSS Elements: <Analyze><General Linear Model><Univa riate...> 
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SPSS Output ANOVA (ANOVA01) – Tests of Between-Subj ects Effects 

 

 

 

 

Significant ANOVA model (called "Corrected Model") 

Significant constant (called "Intercept") 

Significant variable experien 

 

Example interpretation: 
There is a main effect of experience (levels 1, 2, 3) on the salary (F(2, 93) = 46.193 p = .000). 
The value of Adjusted R Squared = .488 shows that 49% of the variation in salary around the 
grand mean  can be predicted by the variable experien. 
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SPSS Output ANOVA (ANOVA01) – Tests of Between-Subj ects Effects I 

 

Allocation of sum of squares to terms in the SPSS output 

 

           

 

 

experien is part of SSbetween. In this case (one-way analysis) experien = SSbetween 

 

 

"Grand mean" 

SSbetween 

SStotal 

SSwithin (= SSerror) 
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Including Partial Eta Squared 

The Partial Eta Squared statistic reports the "practical" impact of each term 

It reflects the amount of variation that is explained by each term (all other variables fixed) 

Larger values of Partial Eta Squared indicate a greater amount of explained variance 

 

 

 

The intercept explains the most variance (99.6%). 
=> "Grand mean" is large compared to other variances 

Experience explains 49.8% of the variance. 

Note: Values of Partial Eta Squared do not sum up to 100%! Hence the word "Partial". 
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Two-Way ANOVA 

Human resources research: Survey of nurse salary 
 

1 2 3 All

Office 35.- 37.- 39.- 37.-

Hospital 37.- 40.- 44.- 40.-

All 36.- 38.- 42.- 39.-

Level of Experience

Nurse Salary [CHF/h]

P
os

iti
on

 

Now two factors are in the design 
�  Level of experience 
�  Position 

 

Typical Question 

Does position and experience have an effect on salary? 
What "interaction" exists between position and experience?? 
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Interaction 

Interaction means there is dependency between experience and position. 

The independent variables have a complex influence on the dependent variable (salary). 

The complex influence is called interaction.  

 

The independent variables do not explain all of the variation of the dependent variable. 

Part of the variation is due to the interaction term. 

 

 

experience
(factor A)

salary
interaction

(factor A x B)

position
(factor B)  
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Sum of Squares 

Again  SStotal = SSbetween + SSwithin 

With   SSbetween = SSExperience + SSPosition + SSExperience x Position 

Follows SStotal = (SSExperience + SSPosition + SSExperience x Position) + SSwithin 

Where  SSExperience x Position  is interaction of both factors simultaneously  

 

Sum of variation
between groups

SSb

Total sum of variation 

SSt

Sum of variation
within groups

SSw

Sum of variation
due to factor A

SSA

Sum of variation
due to factor B

SSB

Sum of variation due to 
interaction of A & B

SSAxB  
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Example of two-way ANOVA (Dataset ANOVA02.sav) 

 

SPSS Elements: <Analyze><General Linear Model><Univa riate...> 

 

 

 

 

 

 



Slide 89

Interaction 

 

 
Interaction term between fixed factors is given by default in ANOVA 

 

Example interpretation (among other duty descriptions): 
There is also an interaction of experience and position on the salary 
(F(2, 90) = 34.606 p = .000). 
 

The interaction term experien * position explains 29.7% of the variance 
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Interaction I 

Do different levels of experience influence the impact of different levels of position differently? 

Yes, if experience has values 2 or 3 then the influence of position is raised. 

Simplified: "A ¹  B" 

Interpretation: Experience is more important in hospitals than in offices. 
 

 

B 

A 
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More on interaction 

 

No significant effects 

 

Significant effect of position 

 

Significant effect of experience 

 

Significant effect of both 

 

Significant interaction effect 

 

... of position and interaction 

 
 

Slide 92

Requirements of ANOVA 
 

1. Sampling 

 Random sample, no treatment effects 

 A well designed study avoids violation of this assumption 
 

2. Distribution of residuals 

 Residuals (= Error) are normally  distributed 

 Correction => transformation 
 

3. Homogeneity of variances 

 Residuals (= Error) have constant variance  

 Correction => weight variances 
 

4. Balanced design 

 Same sample size in all groups 

 Correction => weight mean 

 SPSS automatically corrects unbalanced designs by Sum of Squares "Type III" 
/METHOD = SSTYPE(3) 
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Designs of ANOVA 

 

�  One-way ANOVA: one factor analysis of variance 

 1 dependent variable and 1 independent factor 

�  ANOVA: two or more factor analysis of variance 

 1 dependent variable and 2 or more independent factors 

�  MANOVA: multivariate analysis of variance 

 Extension of ANOVA used to include more than one dependent  variable 

 

�  ANOVA with Repeated Measures 

 1 independent variable but measured repeatedly under different conditions 

 

�  ANCOVA: analysis of COVariance 

 Model includes a so called Covariate (metric variable) 

�  MANCOVA: multivariate analysis of COVariances 
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Exercises: ANOVA 

 

1. Experience on salary 

 Conduct one-way ANOVA 

 Dataset: ANOVA01.sav 

 

2. Experience on salary 

 Conduct one-way ANOVA with variable "salary_0". Interpretation? 

 salary_0 = salary – mean(salary) 

 Dataset: ANOVA01.sav 

 

3. Experience & position on salary 

 Conduct two-way ANOVA 

 Dataset: ANOVA02.sav 
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Other multivariate Methods 

Type of Multivariate Statistical Analysis 

Regarding the practical application multivariate methods can be divided into two main parts: 

Methods for identifying structures        Methods f or discovering structures 

Independent
Variable (IV)

Price of
product

Dependent
Variable(s) (DV)

Quality of
Products

Quality of
customer service

Customer
satisfaction

       

Customer
satisfaction

Employee
satisfaction

Motivation of
employee  

 

 

 

 

Also called dependence analysis be-
cause methods are used to test direct 
dependencies between variables. 
Variables are divided into independent 
variables and dependent variable(s). 

Also called interdependence analysis 
because methods are used to discover 
dependencies between variables. 
This is especially the case with explora-
tory data analysis (EDA). 
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Choice of Method 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Methods for identifying structures 

(Dependence Analysis) 

Regression Analysis 

Analysis of Variance (ANOVA) 

Discriminant Analysis 

Contingency Analysis 

(Conjoint Analysis) 

Methods for discovering structures 

(Interdependence Analysis) 

Factor Analysis 

Cluster Analysis 

Multidimensional Scaling (MDS) 

Independent Variable (IV)   

metric categorical  

metric Regression analysis Analysis of Variance (ANOVA) Dependent Variable 

(DV) categorical Discriminant analysis Contingency analysis 
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Tree of methods (see also http://www.ats.ucla.edu/s tat/mult_pkg/whatstat/default.htm) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Data Analysis

Descriptive Inductive

Univariate Bivariate Multivariate
Correlation t-Test

c2 Independence
t-Test
c2 Adjustment

Dependence Interdependence

DV metric DV not metric

IV not metricIV metric IV not metricIV metric

not metricmetric

Regression ANOVA
Conjoint

Discriminant Contingency

Cluster
Factor

MDS

Univariate Bivariate

DV = dependent variable 
IV = independent variable 
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Example of multivariate Methods (categorical / metric) 

 

Linear discriminant analysis 

Linear discriminant analysis (LDA) is used to find the linear combination of features which 
best separates two or more groups in a sample. 

 

The resulting combination may be used to classify groups in a sample. 
(Example: Credit card debt, debt to income ratio, income that predict bankrupt risk of clients) 

 

LDA is closely related to ANOVA and logistic regression analysis, which also attempt to express 
one dependent variable as a linear combination of other variables. 

 

LDA is an alternative to logistic regression, which is frequently used in place of LDA. 

Logistic regression is preferred when data are not normal in distribution or group sizes 
are very unequal. 
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Example of linear discriminant analysis 

Data from measures of body length of 
two subspecies of puma (South & North America) 

 

 

100

105

110

115

120

125

130

135

140

150 160 170 180 190 200 210 220 230 240 250

x1 [cm]

x2
 [c

m
]

Species x1 x2
1 191 131
1 185 134
1 200 137
1 173 127
1 171 118
1 160 118
1 188 134
1 186 129
1 174 131
1 163 115
2 186 107
2 211 122
2 201 114
2 242 131
2 184 108
2 211 118
2 217 122
2 223 127
2 208 125
2 199 124

Species 1 = North America, 2 = South America
x1 body length: nose to top of tail
x2 body length: nose to root of tail

Other names for puma 
 cougar 
 mountain lion 
 catamount 
 panther 
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Short introduction to discriminant analysis 
 

Dependent Variable: categorical 

�  Pumas: type (two subspecies of puma) 
 

Independent Variables: metric 

�  Pumas: x1 & x2 (two different measures of body length) 
 

Goal 

Discrimination between groups 

�  Pumas: discrimination between two subspecies 
 

Estimate a function for discriminating between group 

i 1 i,1 2 i,2 iY x x= a + b + b + e  

i

1 2

i,1 i,2

i

Y  discriminant variable

, ,  coefficients

x , x  measurement of body lenght

 error term

a b b

e
 

Sketch of DA 
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Data from measurement of body-length of two subspecies of puma 

 

 

100

105

110

115

120

125

130

135

140

150 160 170 180 190 200 210 220 230 240 250

x1 [cm]

x2
 [c

m
]

100

105

110

115

120

125

130

135

140

150 160 170 180 190 200 210 220 230 240 250

x1 [cm]

x2
 [c

m
]
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SPSS-Example of linear discriminant analysis 

 

 

DISCRIMINANT 
 /GROUPS=species(1 2) 
 /VARIABLES=x1 x2 
 /ANALYSIS ALL 
 /PRIORS SIZE 
 /STATISTICS=MEAN STDDEV UNIVF BOXM COEFF RAW TABLE 
 /CLASSIFY=NONMISSING POOLED MEANSUB . 
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SPSS Output Discriminant analysis (DISCRIMINANT) I 

 
Group Statistics

179.10 12.879 10 10.000

127.40 7.734 10 10.000

208.20 17.223 10 10.000

119.80 7.969 10 10.000

193.65 21.022 20 20.000

123.60 8.580 20 20.000

X1

X2

X1

X2

X1

X2

SPECIES
1

2

Total

Mean Std. Deviation Unweighted Weighted

Valid N (listwise)

 

 

Tests of Equality of Group Means

.496 18.309 1 18 .000

.794 4.683 1 18 .044

X1

X2

Wilks'
Lambda F df1 df2 Sig.

 

Both coefficients significant 

Canonical Discriminant Function Coefficients

.131

-.243

4.588

X1

X2

(Constant)

1

Function

Unstandardized coefficients

 

i 1 i,1 2 i,2 iY x x= a + b + b + e  

i i,1 i,2 iY 4.588 .131 x .243 x= + × - × + e 
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-5

-4

-3

-2

-1

0

1

2

3

4

5

1 1 1 1 1 1 A 1 1 1 1 2 2 2 2 2 2 2 B 2 2 2

subspecies of puma [0,1]

di
sc

rim
in

an
t v

ar
ia

bl
e 

Y

x1 x2
A 175 120
B 200 110

 

 
Classification Results a

10 0 10

0 10 10

100.0 .0 100.0

.0 100.0 100.0

SPECIES
1

2

1

2

Count

%

Original
1 2

Predicted Group
Membership

Total

100.0% of original grouped cases correctly classified.a. 
 

The two subspecies of pumas can be com-
pletely classified (100%) 

 

See also plot above that is generated with 

i i,1 i,2 iY 4.588 .131 x .243 x= + × - × + e 
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An other example from Bangkok 

Hence the word "Discrimination" 

 

 Wason Wanch akorn / AP  
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Appendix 

Details about Boxplot 

www.cms.murdoch.edu.au/areas/maths/statsnotes/samplestats/boxplot.html 
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Complications 

The boxplots produced by statistical packages are rarely as described above. An attempt is 
made to alert you to sample values which may be unusually removed from the bulk of the data. 
These sample values are represented variously as circles or asterisks beyond the bounds of the 
whiskers. The whiskers thus do not extend to the minimum and maximum of the sample, but to 
the smallest and largest values inside a "reasonable" distance from the end of the box. 
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Details about Boxplot with SPSS 

To find in <Help><Algorithms> => " EXAMINE Algorithms" => "Plot" 

 

 

 

 

 

 

 

 

 

 

 

 

 

178

Quartile Q1

IQR

Quartile Q3

STEP

STEP

Largest Value < STEP

Largest Value < STEP

Hinge (German: Scharnier) 
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Regression (see also www.ats.ucla.edu/stat/spss) 

 

 

Linear Regression estimates the coefficients of the linear equation, involving one or 
more independent variables, that best predict the value of the dependent variable. For 
example, you can try to predict a salesperson’s total yearly sales (the dependent vari-
able) from independent variables such as age, education, and years of experience. 

Example. Is the number of games won by a basketball team in a season related to the 
average number of points the team scores per game? A scatterplot indicates that these 
variables are linearly related. The number of games won and the average number of 
points scored by the opponent are also linearly related. These variables have a negative 
relationship. As the number of games won increases, the average number of points 
scored by the opponent decreases. With linear regression, you can model the relation-
ship of these variables. A good model can be used to predict how many games teams 
will win.  

 

 

Method selection allows you to specify 

how independent variables are entered into the analysis. 

Using different methods, you can construct a variety of regression models from the sa-
me set of variables. 

�  Enter: enter the variables in a single step. 

�  Remove: remove the variables in the block in a single step 

�  Forward: enters the variables in the block one at a time based on entry criteria 

�  Backward: enters all of the variables in the block in a single step and then removes 
them one at a time based on removal criteria 

�  Stepwise: examines the variables in the block at each step for entry or removal. This 
is a forward stepwise procedure. 
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Regression Coefficients. Estimates displays Regression coefficient B, standard error of 
B, standardized coefficient beta, t value for B, and two-tailed significance level of t. 
Confidence intervals displays 95% confidence intervals for each regression coefficient, 
or a covariance matrix. Covariance matrix displays a variance-covariance matrix of re-
gression coefficients with covariances off the diagonal and variances on the diagonal. 
A correlation matrix is also displayed. 

Model fit. The variables entered and removed from the model are listed, and the fol-
lowing goodness-of-fit statistics are displayed: multiple R, R2 and adjusted R2, stan-
dard error of the estimate, and an analysis-of-variance table. 

R squared change. Displays changes in R**2 change, F change, and the significance of 
F change. 

Descriptives. Provides the number of valid cases, the mean, and the standard deviation 
for each variable in the analysis. A correlation matrix with a one-tailed significance le-
vel and the number of cases for each correlation are also displayed. 

Part and partial correlations. Displays zero-order, part, and partial correlations. 

Collinearity diagnostics. Eigenvalues of the scaled and uncentered cross-products ma-
trix, condition indices, and variance-decomposition proportions are displayed along 
with variance inflation factors (VIF) and tolerances for individual variables. 

Residuals. Displays the Durbin-Watson test for serial correlation of the residuals and 
casewise diagnostics for the cases meeting the selection criterion (outliers above n 
standard deviations). 
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Plots can aid in the validation of the assumptions of normality, linearity, and equality of 
variances. Plots are also useful for detecting outliers, unusual observations, and influen-
tial cases. After saving them as new variables, predicted values, residuals, and other 
diagnostics are available in the Data Editor for constructing plots with the independent 
variables. The following plots are available: 

Scatterplots. You can plot any two of the following: the dependent variable, standard-
ized predicted values, standardized residuals, deleted residuals, adjusted predicted val-
ues, Studentized residuals, or Studentized deleted residuals. Plot the standardized re-
siduals against the standardized predicted values to check for linearity and equality of 
variances. 

 

 

You can save predicted values, residuals, and other statistics useful for diagnostics. 
Each selection adds one or more new variables to your active data file. 

Predicted Values. Values that the regression model predicts for each case.  

Distances. Measures to identify cases with unusual combinations of values for the in-
dependent variables and cases that may have a large impact on the regression model.  

Prediction Intervals. The upper and lower bounds for both mean and individual predic-
tion intervals. 

Residuals. The actual value of the dependent variable minus the value predicted by the 
regression equation.  

Influence Statistics. The change in the regression coefficients (DfBeta(s)) and predicted 
values (DfFit) that results from the exclusion of a particular case. Standardized DfBetas 
and DfFit values are also available along with the covariance ratio, which is the ratio of 
the determinant of the covariance matrix with a particular case excluded to the deter-
minant of the covariance matrix with all cases included. 

Save to New File. Saves regression coefficients to a file that you specify. 

Export model information to XML file. Exports model information to the specified file. 
SmartScore and future releases of WhatIf? will be able to use this file. 
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Stepping Method Criteria. These options apply when either the forward, backward, or 
stepwise variable selection method has been specified. Variables can be entered or re-
moved from the model depending on either the significance (probability) of the F value 
or the F value itself.  

Include constant in equation. By default, the regression model includes a constant term. 
Deselecting this option forces regression through the origin, which is rarely done. Some 
results of regression through the origin are not comparable to results of regression that 
do include a constant. For example, R2 cannot be interpreted in the usual way. 
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ANOVA (see also www.ats.ucla.edu/stat/spss) 

 

The GLM Univariate procedure provides regression analysis and analysis of variance 
for one dependent variable by one or more factors and/or variables. The factor variables 
divide the population into groups. Using this General Linear Model procedure, you can 
test null hypotheses about the effects of other variables on the means of various group-
ings of a single dependent variable. You can investigate interactions between factors as 
well as the effects of individual factors, some of which may be random. In addition, the 
effects of covariates and covariate interactions with factors can be included. For regres-
sion analysis, the independent (predictor) variables are specified as covariates. 

 

Specify Model. A full factorial model contains all factor main effects, all covariate main 
effects, and all factor-by-factor interactions. It does not contain covariate interactions. 
Select Custom to specify only a subset of interactions or to specify factor-by-covariate 
interactions. You must indicate all of the terms to be included in the model.  

Factors and Covariates. The factors and covariates are listed with (F) for fixed factor 
and (C) for covariate. In a Univariate analysis, (R) indicates a random factor. 

Slide 114

 

Contrasts are used to test for differences among the levels of a factor. You can specify a 
contrast for each factor in the model (in a repeated measures model, for each between-
subjects factor). Contrasts represent linear combinations of the parameters. 

 

Profile plots (interaction plots) are useful for comparing marginal means in your model. 
A profile plot is a line plot in which each point indicates the estimated marginal mean of 
a dependent variable (adjusted for any covariates) at one level of a factor. The levels of 
a second factor can be used to make separate lines. Each level in a third factor can be 
used to create a separate plot. All fixed and random factors, if any, are available for 
plots. For multivariate analyses, profile plots are created for each dependent variable. In 
a repeated measures analysis, both between-subjects factors and within-subjects factors 
can be used in profile plots. GLM Multivariate and GLM Repeated Measures are avail-
able only if you have the Advanced Models option installed. 

 

Post hoc multiple comparison tests. Once you have determined that differences exist 
among the means, post hoc range tests and pairwise multiple comparisons can determine 
which means differ. Comparisons are made on unadjusted values. These tests are used 
for fixed between-subjects factors only. In GLM Repeated Measures, these tests are not 
available if there are no between-subjects factors, and the post hoc multiple comparison 
tests are performed for the average across the levels of the within-subjects factors.. For 
GLM Multivariate, the post hoc tests are performed for each dependent variable sepa-
rately. GLM Multivariate and GLM Repeated Measures are available only if you have 
the Advanced option installed. 
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You can save values predicted by the model, residuals, and related measures as new 
variables in the Data Editor. Many of these variables can be used for examining assump-
tions about the data. To save the values for use in another SPSS session, you must save 
the current data file.  

Predicted Values. The values that the model predicts for each case. Unstandardized pre-
dicted values and the standard errors of the predicted values are available. If a WLS 
variable was chosen, weighted unstandardized predicted values are available. 

 

Optional statistics are available from this dialog box. Statistics are calculated using a 
fixed-effects model. 

Estimated Marginal Means. Select the factors and interactions for which you want esti-
mates of the population marginal means in the cells. These means are adjusted for the 
covariates, if any.  

Compare main effects. Provides uncorrected pairwise comparisons among estimated 
marginal means for any main effect in the model, for both between- and within-subjects 
factors. This item is available only if main effects are selected under the Display Means 
For list. 

Confidence interval adjustment. Select least significant difference (LSD), Bonferroni, or 
Sidak adjustment to the confidence intervals and significance. This item is available 
only if Compare main effects is selected. 

Display => See SPSS-Help 
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Datasets used in the Course 

www.schwarzpartners.ch/ZNZ/Data&Syntax/index.php 
 

Exercise Description File (*.sav) 

Correlation Exercises: Chapters 3 to 7 of Theory Outputpig 

1 SAMPLE T-TEST Exercises: Chapters 3 to 7 of Theory 1 Sample t-Test 

2 SAMPLE T-TEST Exercises: Chapters 3 to 7 of Theory 2 Sample t-Test 

Test for independence 1 Exercises: Chapters 3 to 7 of Theory Test for independence 1 

Test for independence 2 Exercises: Chapters 3 to 7 of Theory Test for independence 2 

Sign Test Exercises: Chapters 3 to 7 of Theory Sign Test 

1-Way-ANOVA Exercises: Chapters 3 to 7 of Theory 1-Way-ANOVA 

Q-Q plots Exercises: Chapters 3 to 7 of Theory Q-Q plots 

Log transformation Fallout of radioactivity Tschernobyl 

Data trimming Survey on health state DATA 

Regression Size on weight EXAMPLE01 

Regression Nonlinear (quadratic), simulated data EXAMPLE02 

Regression Distance on radioactive fallout Tschernobyl 

Regression Size & age on weight, gender as dummy EXAMPLE03 

ANOVA Experience on salary ANOVA01 

ANOVA Experience & position on salary ANOVA02 

Discriminant Sample of pumas DISCRIMINANT 
 


