Analysis of Data Using MR and GLM

ANOVA via MR and GLM

Dimensions of Research Problems
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We’ll start at the top of this box and work our way through it. 
We’ll illustrate analysis with MR procedure and with the GLM procedure.

Ideally, at the end of this, you’ll be comfortable using either procedure to perform the same analyses.
One Way ANOVA – GLM Example
Since one way ANOVA using MR has been covered in PSY 513 and also in the discussion of group coding variables, we’ll pick up with an example of the use of GLM to perform the same analysis.

Taken from Aron and Aron, p. 318.  Persons in 3 groups rated guilt of a defendant after having read a background sheet on the defendant.  For those in Group 1, the background sheet mentioned a criminal record.  For those in Group 2, the sheet mentioned a clean record.  For those in Group 3, the background sheet gave no information on the defendant's background.  
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Various pieces of information that could/should be presented . . .
1.  Present means and SD’s.

2.  Present plots of means.

3.  Present tests of assumptions.

4.  Present tests of significance.
5.  Present effect sizes and observed power.

6.  Present post hoc tests, if appropriate.

The data that were analyzed:
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The analyses, not necessarily in order of the above.:  Analyze -> General Linear Model -> Univariate
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Univariate Analysis of Variance
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Design: Intercept+GROUP
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The following is the default output of the GLM procedure.
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How did GLM analyze the data?

GLM formed two group-coding-variables and performed a regression of RATING onto those variables.  The corrected model F is simply the F testing the relationship of RATING to all the predictors – just two in this case.  The GROUP F tests the relationship of RATING to the two Group coding variables GLM created.  The two Fs should be identical since the two group coding variables are the only variables in this analysis. I don’t know why they differ by .001 in the above output.
Post Hoc Tests

GROUP

Homogeneous Subsets
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How were the above obtained by SPSS?

I supposed SPSS used formulas supplied in the original article describing the test by Tukey.  As far as I know, no group coding variables are involved in this particular post hoc test.

Profile Plots
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Group coding variables in GLM - Oneway ANOVA

Taken from Aron and Aron, p. 318.  (Same data as above.)  Persons in 3 groups rated guilt of a defendant after having read a background sheet on the defendant.  For those in Group 1, the background sheet mentioned a criminal record.  For those in Group 2, the sheet mentioned a clean record.  For those in Group 3, the background sheet gave no information on the defendant's background..  Question:  Are there any differences in guilt ratings?
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The Default GLM display of group coding variable information.

Information on group coding variables is displayed in the “Parameter Estimates” table which are being requested in the dialog box shown on the right


Default GLM group coding variables continued.

Univariate Analysis of Variance
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Ouput from the REGRESSION procedure using the default dummy codes
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So, the default group coding variables estimated in GLM are dummy codes.

Requesting specific GLM Contrasts

UNIANOVA

  rating  BY group

  /CONTRAST (group)=Deviation

  /METHOD = SSTYPE(3)

  /INTERCEPT = INCLUDE

  /PRINT = DESCRIPTIVE PARAMETER

  /CRITERIA = ALPHA(.05)

  /DESIGN = group .


Univariate Analysis of Variance
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Specific contrasts continued.

Results of user-requested contrasts are presented in the Custom Hypothesis Section.
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Results from REGRESSION, to show that.
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The bottom line is that the Parameter Estimates box is pretty useless for ANOVA applications unless you're interested in dummy coding.   It is most useful for displaying REGRESSION-like information on quantitative variables.
Analysis of Factorial Designs

Issues 

Factorial Designs

Definition

Research with 2 or more factors in which data have been gathered at all combinations of levels of all factors.

Typical representation is as a Two Way Table.

Rows of the table represent one factor – i.e., the Row Factor

Columns of the table represent the Column Factor.

Cells represent individual groups of persons observed at each combination of factor levels.


Note - each factor varies completely within each level of the other.

All levels of each factor appear at all levels of the other(s).

Called completely crossed designs for this reason.

Called a completely crossed design because each variable completely crosses the other.

Three Way factorial designs are often represented by separate layers of two way tables



Example:  Factor 1 = Type of Training Program, say Lecture vs. Computerized

Factor 2 = Gender;  

Factor 3 = Job level – 1st line managers vs. middle managers




Nested designs

Research with 2 or more factors in which some levels of one factor appear at only one level of the other.

E.g., 6 units of an organization; 2 training programs.

Factors are Unit and Training program.

As a factorial design, 



1
2
3
4
5
6
	
	
	
	
	
	

	
	
	
	
	
	


Both TP’s would occur within each unit

All units would get each training program.
 Nested





Unit

1
2
3
4
5
6



TP
3 units get TP1

Other 3 get TP2

Note that a nested design is part of a factorial.  It is an incompletely crossed design.

Unit is nested within training program.









Factorial Design Example data

The data below represent a 2 (row) by 3 (column) factorial design.

Participants were shown lists of words.  Some were intact words, others were scrambled.  So the row factor is “Intactness”??   The data were presented at three different rates - 300, 450, or 600 words per minute.  So the column factor is Rate.  The scores are percentages of idea units recalled.
Effects tested in factorial designs
When data have been gathered in a2 way factorial design, the following questions are usually asked. (But remember, the fact that the data were gathered factorially doesn’t mean that you have to analyze them factorially.)

1.  Is there a main effect of the first factor.  Is the DV averaged across levels of the 2nd factor related to changes in levels of the 1st factor.  This will involve comparison of 50.0 vs. 56.5 from the above example.
2.  Is there a main effect of the 2nd factor?  Is the DV averaged across levels of the 1st factor related to changes in levels of the 2nd factor. E.g., is the mean of Column 1 significantly different from the mean of column 2?  This will involve comparisons of 60.3125, 54.8125, and 44.6250 in the above.
3  Is there an interaction of the effects of the 1st and 2nd factors.  Does the relationship of the DV to the 1st factor change as levels of the 2nd factor change?  Do differences between Row means change from one column to the next?  If so, there is an interaction.  (Alternatively, do differences between column means change from one row to the next?)  This will involve comparing the difference 66.250-54.375 with 59.875-49.75 with 43.375-45.875.  If the differences are consistent, there is no interaction.  If the differences are different, then there IS an interaction.

Higher order factorial designs.

With higher order factorial designs, even more questions involving interactions can be asked . . .

For a 3 way factorial design
1.  We test the main effect of Factor A

2.  We test the main effect of Factor B

3.  We test the main effect of Factor  C

4.  We test the interaction of factors A & B.  Is the effect of A the same across levels of B, or vice versa?

5.  We test the interaction of factors A & C.  Is the effect of A the same across levels of C or vice versa?

6.  We test the interaction of factors B & C.  Is the effect of B the same across levels of C or vice versa?

7.  We test the interaction of all factors:  ABC  Is the interaction of A and B different at different levels of C?

Significance Testing – a review

The general form of a significance test in MR


R2 Factor being tested + Factors controlled for – R2 Factors controlled for 

---------------------------------------------------------------------

Number of variables representing factor being tested.

F = --------------------------------------------------------------------------





1 – R2All variables

---------------------------------------------------------------------





N – All variables – 1

The numerator

The numerator of the numerator::  R2 Factor being tested + Factors controlled for – R2 Factors to be controlled for
It’s the change (i.e., increase) in R2 due to the addition of the variable or variables representing the factor being tested. It’s the increase over and above R2 for another set of variables – those representing the factors being controlled for.

So, for example, if I have two factors, A and B, and I want to test the significance of Factor A, controlling for Factor B, the numerator of the F statistics will be

R2A + B – R2 B
If I have 3 factors and want to test the significance of A controlling for both B and C, 
then the numerator will be R2A + B + C – R2 B + C
The significance of a variable or factor is always assessed by determining if it adds to R2 over and above a base.  If we’re controlling for other variables, the R2 obtained when they’re in the equation is the base.  If we’re not controlling for anything, then 0 is the base.

Note that the numerator is an increase in R2, from R2 associated with the base to R2 associated with the base PLUS the variable being tested.

The denominator

The denominator of the F statistic is 1 – R2All variables.
This quantity should represent random variability in the dependent variable.  It’s the proportion of variance left over when we take out all the predictability associated with the variables we’re studying.  The smaller it is, the greater the chance that the F will be significant.

Analyses of 2x2 Factorial Designs using GLM and MR
The data

The data are from a study by a surgeon at Erlanger on the effect of helmet use on injuries from ATV accidents.  The factors investigated here are
HELMET:  Whether the driver was wearing a helmet or not, with 2 levels.
ROLLVER:  Whether the ATV rolled over or not, with 2 levels.

The dependent variable is log of the Injury Severity Score (ISS).  The larger the ISS value, the more severe the injury.  The logarithm was used to make the distribution more nearly symmetric.
Expectations: I would expect higher ISS scores for those not wearing helmets.

I would expect higher ISS scores for those who did not roll over assuming no rollover represents collision.

That is, they’re in the hospital for a reason.  If they didn’t roll over, they must have hit something.

I would expect the effect of helmet use to be greater among those who did roll and less among those who did not  – that is, I would expect an interaction of HELMET and ROLLOVER.  I could be wrong.
GLM Analysis
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Univariate Analysis of Variance

[DataSet3] G:\MdbT\InClassDatasets\ATVDataForClass050906.sav
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Only the main effect of helmet usage was significant.

There was no main effect of rollover.

There was no interaction of HELMET and ROLLOVER.  

So only one of my expectations was upheld.

Profile Plots - 2 versions for the same data.
Both plots give the same information.

Plot 1:  Horizontal axis is defined by helmet use.  
Different lines define the Rollover effect.  You can see that they’re not terribly or consistently different.

Lack of parallelness of lines defines the interaction.  They’re crossed, but not so nonparallel as to represent a significant interaction.
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Plot 2:  Horizontal axis defined by Rollover

This plot is probably easier to understand.  

The different lines define the helmet effect.  They’re quite different in height, reflecting the significant effect.
The horizontal axis defines the rollover effect.  Average height above No is about the same as average height above Yes.

Lack of parallelness defines the interaction.  Lines are not parallel but not so different in slope as to represent an interaction although the difference between helmet use and nonuse is numerically (but not significantly) greater for nonrollover accidents.  (The opposite of my expectation.)
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Analysis of the same data using REGRESSION
The 2x2 coding.

Coding must use contrast codes - no dummy variables or effect coding variables.

Factor 1
Factor 2
Interaction


GCV1
GCV2
GCV1

G1
+.5
+.5
+.25

G2
+.5
-.5
-.25

G3
-.5
+.5
-.25

G4
-.5
-.5
+.25

	
	Factor 2: Rollover

	Factor 1: Helmet
	G1
	G2

	
	G3
	G4


Factor 1 (Helmet) compares G1+G2 with G3+G4, i.e.,  G1 + G2 – G3 – G4 or G1+G2 – (G3+G4)

Factor 2 (Rollover) compares G1+G3 with G2+G4, i.e.,  G1 + G3 – G2 – G4 or G1+G3 – (G2+G4)

Interaction compares G1-G2 with G3-G4, i.e., the contrast is (G1-G2)-(G3-G4).

Since each Effect (each main effect and the interaction effect) is represented by only 1 group-coding variable, the analysis can be conducted simply by performing one MR of the DV onto all 3 group-coding variables.  Each t-value in the Coefficients box assesses one of the effects.

If one or more factors has 3 or more levels, then we CANNOT use the Coefficients box to test the significance of that factor, because we want a test of the COLLECTION of variables representing the factor, not just a test of one variable.

So when one or more of the factors is represented by more than 1 GCV, we have to use a different technique, described below.

Creating the Group coding variables using syntax
recode helmet (0=-.5)(1=+.5) into gcv1.

recode rollover (0=-.5)(1=+.5) into gcv2.

compute gcv3 = gcv1*gcv2.

variable labels gcv1 "GCV representing HELMET usage"

 gcv2 "GCV representing whether accident involved rollover"

 gcv3 "GCV representing interaction of HELMET and ROLLOVER".

Specifying the regression using syntax

regression variables = lgiss gcv1 gcv2 gcv3 /descriptives = default corr

 /dep=lgiss /enter.

To reiterate:  Note that there is only 1 gcv for each effect – 1 for the row main effect, 1 for the column main effect, and one for the interaction effect.  This allows us to perform the analysis with a single regression.  Factorial designs which require 2 or more gcvs to represent an effect have to be conducted with several multiple regression analyses.

The regression output
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Analysis of 2 x 3 Factorial Design using GLM

Myers & Well, p. 127

Table 5.1 presents the data for 48 subjects run in a text recall experiment.  The scores are percentages of idea units recalled.  The data were presented at three different rates - 300, 450, or 600 words per minute.  The text was either intact or scrambled.  



	
	Rate

	Text
	G1
	G2
	G3

	
	G4
	G5
	G6


	Cell
	scram
	rate

	G1
	1
	1

	G2
	1
	2

	G3
	1
	3

	G4
	2
	1

	G5
	2
	2

	G6
	2
	3


_

The data Matrix for GLM and Regression analysis with contrast coding of the row and column factors.




      DV      ROW      COL   ROWGCV  COLGCV1  COLGCV2  INTGCV1  INTGCV2

      72        1        1      .50      .67      .00      .33      .00

      63        1        1      .50      .67      .00      .33      .00

      57        1        1      .50      .67      .00      .33      .00

      52        1        1      .50      .67      .00      .33      .00

      69        1        1      .50      .67      .00      .33      .00

      75        1        1      .50      .67      .00      .33      .00

      68        1        1      .50      .67      .00      .33      .00

      74        1        1      .50      .67      .00      .33      .00

      49        1        2      .50     -.33      .50     -.17      .25

      71        1        2      .50     -.33      .50     -.17      .25

      63        1        2      .50     -.33      .50     -.17      .25

      48        1        2      .50     -.33      .50     -.17      .25

      68        1        2      .50     -.33      .50     -.17      .25

      65        1        2      .50     -.33      .50     -.17      .25

      52        1        2      .50     -.33      .50     -.17      .25

      63        1        2      .50     -.33      .50     -.17      .25

      40        1        3      .50     -.33     -.50     -.17     -.25

      49        1        3      .50     -.33     -.50     -.17     -.25

      36        1        3      .50     -.33     -.50     -.17     -.25

      50        1        3      .50     -.33     -.50     -.17     -.25

      54        1        3      .50     -.33     -.50     -.17     -.25

      46        1        3      .50     -.33     -.50     -.17     -.25

      46        1        3      .50     -.33     -.50     -.17     -.25

      26        1        3      .50     -.33     -.50     -.17     -.25

      65        2        1     -.50      .67      .00     -.33      .00

      45        2        1     -.50      .67      .00     -.33      .00

      53        2        1     -.50      .67      .00     -.33      .00

      53        2        1     -.50      .67      .00     -.33      .00

      51        2        1     -.50      .67      .00     -.33      .00

      58        2        1     -.50      .67      .00     -.33      .00

      53        2        1     -.50      .67      .00     -.33      .00

      57        2        1     -.50      .67      .00     -.33      .00

      56        2        2     -.50     -.33      .50      .17     -.25

      55        2        2     -.50     -.33      .50      .17     -.25

      49        2        2     -.50     -.33      .50      .17     -.25

      52        2        2     -.50     -.33      .50      .17     -.25

      35        2        2     -.50     -.33      .50      .17     -.25

      57        2        2     -.50     -.33      .50      .17     -.25

      45        2        2     -.50     -.33      .50      .17     -.25

      49        2        2     -.50     -.33      .50      .17     -.25

      41        2        3     -.50     -.33     -.50      .17      .25

      42        2        3     -.50     -.33     -.50      .17      .25

      57        2        3     -.50     -.33     -.50      .17      .25

      39        2        3     -.50     -.33     -.50      .17      .25

      36        2        3     -.50     -.33     -.50      .17      .25

      52        2        3     -.50     -.33     -.50      .17      .25

      52        2        3     -.50     -.33     -.50      .17      .25

      48        2        3     -.50     -.33     -.50      .17      .25

_

Number of cases read:  48    Number of cases listed:  48

Analysis of the 2x3 Equal N Meyers/Well data using GLM

GET

  FILE='E:\MdbT\P595\ANOVAviaMR\Meyers_well p.127.sav'.

UNIANOVA

  dv  BY row col

  /METHOD = SSTYPE(3)

  /INTERCEPT = INCLUDE

  /PLOT = PROFILE( col*row )

  /EMMEANS = TABLES(row)

  /EMMEANS = TABLES(col)

  /EMMEANS = TABLES(row*col)

  /PRINT = DESCRIPTIVE ETASQ OPOWER HOMOGENEITY

  /PLOT = SPREADLEVEL

  /CRITERIA = ALPHA(.05)

  /DESIGN = row col row*col .

Menu Sequence:  Analyze -> GLM -> Univariate


Univariate Analysis of Variance
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The F associated with the "Corrected Model" above is the same as the F in the Regression ANOVA box when all variables are in the equation.  It's simply the significance of the relationship of Y to all of the variables coding main effects and interactions.

The F in the “Intercept” row is the square of the t for Intercept in the MR.

The F's associated with ROW, COL, and ROW*COL are the same as those printed in the R2 change boxes in the regression analysis below.
Observed Power:  If this sample were a perfect representation of the population, observed power is the probability you would reject if you take a new sample.

Estimated Marginal Means
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Spread-versus-Level Plots
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Profile Plots
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So, the words forming text (Row 1) were recalled at a higher rate than words which were scrambled (Row 2) until the rate got so high that neither was recalled well.

Analysis of the 2 x 3 Factorial design using REGRESSION

Factorial Designs in which one or more factors has more than 2 levels.
When a one or more of the main effects has more than 2 levels, the analysis using MR gets a little more complicated.  This is because the factor with more than 2 levels must be represented by more than 2 or more group-coding variables.  And that means that the interaction will also be represented by more than 1 group-coding variable.  The result is that the coefficients box will generally NOT give information on the significance of factors in such an analysis.

Example of a 2x3 Factorial

The 2x3 Table

	
	Factor 2

	Factor 1
	G1
	G2
	G3

	
	G4
	G5
	G6


The Data Editor

	Group
	Factor 1
	Factor 2
	Interaction

	
	F1GCV
	F2GCV1
	F2GCV2
	IntGCV1
	IntCGV2

	G1
	.5
	.6667
	0
	.3333
	0

	G2
	.5
	-.3333
	.5
	-.1667
	.25

	G3
	.5
	-.3333
	-.5
	-.1667
	-.25

	G4
	-.5
	.6667
	0
	-.3333
	0

	G5
	-.5
	-.3333
	.5
	.1667
	-.25

	G6
	-.5
	-.3333
	-.5
	.1667
	.25


Main Effect of Factor 1: Average of G1,G2,G3)  vs. Average of G4,G5,G6

Main Effect of Factor 2- 1st Contrast:  Average of G1G4) vs Average of . G2,G3,G5,G6




 - 2nd Contrast:  Average of G2,G5 vs. Average of G3,G6

Interaction:
1st Contrast:  G1 – Av of G2,G3 vs. G4 – Av of G5,G6 

(G1-G2,G3)-(G4-G5,G6)

Is the difference between Col 1 and Col’s 2&3 the same across rows?



2nd Contrast:  G2 – G3 vs. G5 – G6



(G2 – G3) – (G5 – G6)



Is the difference between Col 2 and Col3 the same across rows?

To assess each factor, Fs with the following form must be computed

R2All Factors – R2All except factor of interest



-------------------------------------------




No. GCV’s for factor of interest

FFactor of interest =

 ----------------------------------------------------------





1 – R2All Factors




---------------------------------------------------




N – No. of GCV’s for all factors – 1

To get SPSS REGRESSION to create this F, 

0)  Request SPSS to print F for R2 change.

1)  Enter all variables except those representing the factor of interest.

2)  Then add the variables representing the factor of interest.

The F associated with the change in R2 assesses the significance of the factor.

In practice, the steps that are followed are as follows . . .

0)  Instruct SPSS to compute and print F for R2 change.

1)  Enter ALL GCV’s, but ignore the output associated with this step.

2)  Remove those for the factor being tested, again ignoring the output associated w. this step.

3)  Re-enter them.  The significance of F change assesses significance of the factor.

4)  Remove those for the 2nd factor.

5)  Re-enter them. The significance of F change assesses significance of the factor.

6)  Remove those for the interaction.

7)  Re-enter them.  The significance of F change assesses significance of the factor.

The regression analysis
regression variables = dv rowgcv colgcv1 colgcv2 intgcv1 intgcv2

 /descriptives = default /statistics = default cha

 /dep=dv

 /enter

 /remove rowgcv /enter

 /remove colgcv1 colgcv2 /enter

 /remove intgcv1 intgcv2 /enter.

Regression
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Models 3,5, and 7 are all identical.  Each has all variables in the equation.  The change in R2 when going from Model 2 to 3, or Model 4 to 5, or Model 6 to 7, tests the significance of one of the effects in the factorial design - either a main effect or the interaction effect.  If your only interest is in those effects, then the coefficients box won't be of interest to you.  You might be interested in the significance of one or more of the individual GCV's presented here, though.

The MEDRES Dataset – A 2x6 Factorial Design Example
This example concerns the issue of quality of surgery residents over the years.  There was talk that quality of residents has decreased over the years.  To address this issue, a doc at a local hospital conducted a survey of resident programs throughout the nation.  The survey requested information on residents’ academic credentials.  Of interest here are PART1 scores, scores on the major part of a GRE-like exam taken by all residents, and AOA member qualification, whether the resident was in the top 10% of his/her class.
Six years’ worth of data were collected from the survey responses.  The distributions of PART1 scores for all six years is given below.
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The distributions of AOA scores (1=In top 10%, 0=Not) is below.
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The interest of the investigators was in changes, if any, across years.  There was also an interest in any differences that might exist between small programs and large programs.

Thus, this is a 6 (Year) x 2 (Progsize) factorial design problem with two dependent variables – PART1 scores and AOA.

Specifying the GLM Analysis of PART1 scores from the MEDRES Data
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The GLM Output

First, the syntax resulting from all the above pulldowns.

UNIANOVA

  part1  BY year progsize

  /CONTRAST (year)=Polynomial

  /METHOD = SSTYPE(3)

  /INTERCEPT = INCLUDE

  /POSTHOC = year ( BTUKEY )

  /PLOT = PROFILE( year*progsize )

  /EMMEANS = TABLES(year) COMPARE ADJ(LSD)

  /EMMEANS = TABLES(progsize) COMPARE ADJ(LSD)

  /EMMEANS = TABLES(year*progsize)

  /PRINT = DESCRIPTIVE ETASQ OPOWER

  /CRITERIA = ALPHA(.05)

  /DESIGN = year progsize year*progsize .

Univariate Analysis of Variance

[image: image56.wmf]Between-Subjects Factors

196

206

204

212

212

211

4 or fewer

residents

502

5 or more

residents

739

1996

1997

1998

1999

2000

2001

year

0

1

progsize

Value Label

N


[image: image57.wmf]Descriptive Statistics

Dependent Variable: part1  part 1 scores

209.35

17.515

80

222.02

14.435

116

216.85

16.915

196

211.37

13.107

83

220.59

17.330

123

216.88

16.371

206

214.38

16.420

85

222.39

17.567

119

219.05

17.512

204

212.58

15.282

84

221.88

15.804

128

218.20

16.217

212

219.26

16.777

88

225.80

16.415

124

223.08

16.839

212

214.79

17.689

82

224.41

17.542

129

220.67

18.175

211

213.70

16.422

502

222.87

16.606

739

219.16

17.127

1241

progsize

0  4 or fewer residents

1  5 or more residents

Total

0  4 or fewer residents

1  5 or more residents

Total

0  4 or fewer residents

1  5 or more residents

Total

0  4 or fewer residents

1  5 or more residents

Total

0  4 or fewer residents

1  5 or more residents

Total

0  4 or fewer residents

1  5 or more residents

Total

0  4 or fewer residents

1  5 or more residents

Total

year

1996

1997

1998

1999

2000

2001

Total

Mean

Std. Deviation

N


What follows is the basic output of GLM – the tests of differences associated with the between-subjects factors.
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Starting at the top . . .
Corrected Model:  This is the overall ANOVA in that we’ve seen in REGRESSION output.  It’s a test of the significance of the relationship of the DV to ALL the group-coding variables created internally by GLM to represent the two factors and their interaction – all 5+1+5 = 11 of them.  The conclusion is that PART1 scores are related to the factors.
Intercept.
This is a test of the null hypothesis that in the population the intercept of the regression of the DV onto the group-coding variables representing the factors is 0.  
Year.
The Year line tests the significance of the relationship of the DV to the 5 group-coding variables created to represent the YEAR factor.  There are significant differences in mean PART1 scores across years.  (Use Tests of Contrasts below to see in which direction.)
Progsize
The Progsize line tests the significance of the relationship of the DV to the 1 group-coding variable created to represent the PROGSIZE factor.  There is a significant difference in mean PART1 scores between small and large programs.  (Larger programs have higher mean.)
Year * Progsize
This line tests the significance of the relationship of the DV to the 5 product variables created to represent the interaction of YEAR and PROGSIZE.  Its nonsignificance means that the change across years is the same for small and large programs.
Error.
The Error line represents the denominator of the F ratio used to test all the hypotheses.  

Partial Eta squared column.  The entries in this column are estimates of effect size.  See 510/511 notes for explanations.  It can be reported if a journal wants effect sizes.   .020 is small.  .071 is medium to large. 
Noncent Parameter
The noncentrality parameter is a quantity that is used to compute power.  It is not reported.

Observed Power.
The entries in this column give the probability of rejecting the null with a new sample if the population values were equal to those found in this sample.
Custom Hypothesis Tests – Results for the orthogonal polynomials
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Estimated Marginal Means    1. year
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Estimated Marginal Means    2. progsize
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AOA scores.

Because the AOA scores are dichotomies, they should be analyzed using Logistic Regression.  The results of the analysis using GLM will be presented here for comparison with logistic regression results when we cover it in a few weeks..
UNIANOVA

  aoa  BY year progsize

  /CONTRAST (year)=Polynomial

  /METHOD = SSTYPE(3)

  /INTERCEPT = INCLUDE

  /POSTHOC = year ( BTUKEY )

  /PLOT = PROFILE( year*progsize )

  /EMMEANS = TABLES(year) COMPARE ADJ(LSD)

  /EMMEANS = TABLES(progsize) COMPARE ADJ(LSD)

  /EMMEANS = TABLES(year*progsize)

  /PRINT = DESCRIPTIVE ETASQ OPOWER

  /CRITERIA = ALPHA(.05)

  /DESIGN = year progsize year*progsize .

Univariate Analysis of Variance
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Note that the YEAR and PROGSIZE factors are both significant, and that the YEAR*PROGSIZE interaction is nearly significant. 
The “almost” interaction will appear in the plots below.

Custom Hypothesis Tests
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Profile Plots
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We won’t try this one using REGRESSION.  Although the procedure is straightforward, it’s quite tedious.
Analyzing data of factorial designs with multiple regression

1.  Each factor is represented by a coding scheme:  Contrast Coding is required.

A.  That is, we pretend that the design is a single factor design consisting of only the first factor.

That first factor defines R groups.

We code those R groups using contrast coding with R-1 contrasts.

B.  We then pretend that the design is a single factor design consisting of only the 2nd factor.

Suppose the 2nd factor defines C groups.

We code those C groups using contrast coding with C-1 contrasts.

C.  We continue for each factor., e.g., the L levels of the 3rd factor.

The data matrix now has R-1 group coding variables representing the R levels of Factor 1, C-1 group coding variables representing the C levels of Factor 2, L-1 group coding variables representing the L levels of Factor 3, etc.

Coding the interactions

Each interaction is represented by the product of the gcv’s representing the main effects which are interacting.

The analysis:  Significance Testing for factorial designs


Suppose we have two factors, A, and B and their interaction AxB.  A is rep'd by R-1 columns and B is rep'd by C-1 col's.  AxB is rep'd by (R-1)*(C-1) col's.

Numerator Issue:

Tests of the Interaction:  What should be controlled for?

When testing interactions, control for those main effects that have been multiplied to make up the interaction.



(R2A,B,AxB - R2A,B) / dfAxB
FAxB = 
---------------------------------------



Error term

Tests of the Main Effects:  What should be controlled for?

Solution 1:  When testing main effects, control only for other main effects.


(R2A,B - R2B) / dfA
FA =-------------------------


Error term

Solution 2
When testing main effects, control for all other main effects and the interaction.


(R2A,B,AxB - R2B,AxB) / dfA
FA = 
------------------------------



Error term

When sample sizes are equal, these two solutions lead to the same result.  But when sample sizes are not equal, they can result in very different conclusions.

SPSS uses Solution 2 unless you request otherwise.  (Up until about 10 years ago, it used Solution 1.)

My recommendation . . .

1.  Test the interaction. If it’s significant, you must leave it in the equation and interpret it along with the main effects in a single, simultaneous interpretation.

2.  If the interaction is not significant, re-analyze leaving it out, i.e., use solution 1.

Denominator Issue:  

When testing A, B, or AxB, what should be the error term?

Answer:  The error term should always be 1 - R2All variables.

Note that this is the default for SPSS when all factors have been specified in ANOVA.  But if you're doing ANOVA via MR, you'll have to do hand computations, because the denominator in each MR is only 1-R2. for those variables in the equation.  This is particularly important when testing main effects, because you may choose to control for only the other main effects, in which case the interaction won't be in the model.

So, for our example, denominator = 1-R2A,B,AxB / (N - KA - KB - KAxB - 1)

Using the above information

When conducting analyzes you should seek out variables that contribute to R2 that are not correlated with the factors of interest.  Controlling those variables in the test of the significance of the factors of interest increases the amount subtracted in the numerator of the F statistic and reduces the denominator, increasing the F and increasing the likelihood of finding a significant effect.

This is not cheating.  It’s really an instance of the time-honored tradition of reducing extraneous variance associated with the experimental situation, something taught in every introductory research methods textbook.
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Initial Ability


Conscientiousness	Performance


Emotional Stability





Research Involving only comparison of Groups – Qualitative Factors only





Research Involving a mixture of qualitative


 and quantitative factors





Research involving only quantitative factors





This output is obtained  by clicking on the [Options] button on the GLM dialog box and then checking Descriptive Statistics.





Note this is a quick-and-dirty way to get means and SD’s.





Homogeneity tests.





Pray for nonsignificance, not significant here since p=.842..





Test of sig of all predictors - MR ANOVA





Observed Power:  Probability of a significant F if population mean differences were identical to the observed sample mean differences.





If we redid the study drawing another sample from the population and the population means were identical to the sample means obtained here, the likelihood of a significant difference would be .606.





Eta squared.  The most common estimate of effect size for analysis of variance.  





Small:  .01


Medium:  .059


Large:  .138


Question:  Since this effect is so large, why isn’t the p-value smaller?


Answer:  Small N





Note that the SPSS-generated title is “Estimated Marginal Means . . .”





When there are no other factors in the analysis, the estimated means will be identical to the observed means.  But if there are other factors, the estimated means will be just that – estimates of what the means would be if all persons were equal on the other factors.  In some instances, the estimated means will be quite different from the observed means.





� EMBED PBrush  ���





Same output as above, with the exception that since I did not request Eta-squared and Power for this analysis, they are not displayed here..





Dummy Codes with the last group as the comparison group.  See the next box.





I used the REGRESSION procedure to determine what the GLM procedure’s Parameter Estimates table was giving.





.  Note that the output of the Parameter Estimates box is the same as the regression analysis of dummy codes.





Syntax, if you’re interested.





Same data analyzed.  This time, I clicked on the [Contrasts...] button and requested Deviation Contrasts.  Recall that Deviation contrasts are the same as Effects contrasts.





� EMBED PBrush  ���





What is displayed in the Parameter Estimates box is unaffected by the fact that Deviation Contrasts were chosen.  What is displayed here is Dummy Codes with the last group as the comparison group.





This box is the result of the specification of a contrast other than the “None” default.





“Deviation” coding was specified.  This is the same as what we have called Effects coding.





The Regression Procedure Coefficients box using Effects Coding.





Note that the significance values for EC1 and EC2 are identical to the above significance values for Level 1 vs. Mean and Level 2 vs. Mean.
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Nest 1:  TP 1





Nest 2
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Unit 4





GLM  lgiss  BY helmet rollover


  /METHOD = SSTYPE(3)


  /INTERCEPT = INCLUDE


  /PLOT = PROFILE( helmet*rollover rollover*helmet )


  /PRINT = DESCRIPTIVE ETASQ OPOWER HOMOGENEITY


  /CRITERIA = ALPHA(.05)


  /DESIGN = helmet rollover helmet*rollover .








�
No H�
H�
�
�
Roll�
.90�
.82�
.89�
�
No R�
.98�
.76�
.95�
�
�
.93�
.80�
.91�
�






R2 is given in GLM output in a footnote to the “Tests of Between-Subjects Effects” table.





Note that each p-value is the same as the corresponding p-value in the GLM output above.





Recall	rate	scram


72	1	1


63	1	1


57	1	1


52	1	1


69	1	1


75	1	1


68	1	1


74	1	1


49	2	1


71	2	1


63	2	1


48	2	1


68	2	1


65	2	1


52	2	1


63	2	1


40	3	1


49	3	1


36	3	1


50	3	1


54	3	1


46	3	1


46	3	1


26	3	1


65	1	2


45	1	2





Used for Regression analysis





Used for GLM analysis





�
Col 1�
Col 2�
Col 3�
�
�
Row 1�
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Row 2�
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Click the options button to access a check-box to give you Descriptive Statistics.





Check box in Options to get this.





Tests equality of variances across cells.  Should be not significant.





When interaction is significant, you must use caution in reporting the main effects.





Estimated marginal mean:  An estimate of what the marginal would be if all scores were equal on all the other factors.





Equal to observed marginal means if cell sizes are equal.





These are "estimated" means for each row, column, and cell.  They are computed equating responses on all other factors.  


Since sample sizes are equal the factors are orthogonal.  This means that in this case, the marginal means will be equal to the observed means.





Used to determine whether variability within each cell increases as mean of a cell increases.  If so, a transformation would be recommended.





This is a plot of the "estimated" cell means printed in the above table.  Since there are no covariates, they're equal to the observed means displayed in the table at the beginning of the output for this analysis.





This plot is the plot recommended for 2 way factorial designs to show in graphical fashion the form of main effects and interactions.  It shows that the difference between rows (red - green) changed across columns - with a large difference favoring Row 1 (red) in columns 1 and 2, and a small or perhaps insignificant difference favoring Row 2 (green) in column 3.





Rate





Enters all the variables.  





The "/descriptives = " subcommand above causes these two boxes of output to be printed.











Overall ANOVA





Interaction effect





Col main effect





Row main effect





Not of any use in this analysis.





Col GCV's re-entered to test col main effect.





Interaction GCV's re-entered to test interaction effect.





Row GCV's re-entered to test row main effect.





WHEW!!
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part 1 scores





The main dialog box.





Tells GLM that PART1 is the dependent variable.





YEAR and PROGSIZE are the two independent variables, i.e., factors.





These are fixed factors.  That is, all of their values are included in the data.





The Options dialog box.





Have GLM compute estimated marginal means for each factor and for each cell if possible.





I checked the “Compare main effects” box to see what GLM output will result.





Have GLM display descriptive statistics and effect size and power estimates.





The Post Hoc dialog box.





Since PROGSIZE is a dichotomy, it makes no sense to ask for post hoc comparisons for it.  





But YEAR is 6-valued, so we can, although we’ll be focusing on the components of trend requested below.





The Contrasts dialog box.





I’ve requested that GLM test for linear, quadratic, cubic, etc. trends across the six years.   The method will be that of orthogonal polynomials.  Thankfully, we don’t have to look up and enter the coefficients – they’re built into the program. All we do is ask for Polynomial contrasts.





The descriptive statistics requested by clicking on Options and checking the Descriptive Statistics box.





Examination of means doesn’t suggest a clear trend over years.  There is, however, a large numeric difference between small and large programs.





The Custom Hypothesis Tests box gives the results of contrasts you have specified by clicking on the Contrasts button in the main dialog box.





Here the linear trend is significant and the contrast estimate is positive, suggesting that mean PART1 scores increased over the 6-year period.





The 5th order contrast is also marginally significant.  I would ignore it as a chance result.





The estimated marginal means are computed controlling for the other factor, PROGSIZE.





They’re computed assuming that each YEAR has the same mix of small and large programs.





So these Estimated Marginal Means will be different than the Obtained means printed in the Descriptives output section.





Obligatory aggregation of the above specific comparisons into a single overall test.





This output is the result of checking the “Compare Main Effects” box.





Mean at each level is compared with the mean at every other level.





Don’t request this output unless you know what you’re doing.





This output is the result of checking the “Compare Main Effects” box.





Mean at each level is compared with the mean at every other level.





Don’t request this output unless you know what you’re doing.





In view of the significant linear trend found above, the post hoc tests are kind of meaningless.





These are identical to the observed cell means.





If there had been quantitative covariates, they would not have been identical to the observed means.





Skip in Fall 10, Fall 11





Skip in Fall 10, F11





Skip in Fall 10,F11





Skip in Fall 10
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