Coding Schemes

What are we doing?  And why?
We’re creating variables – called group coding variables (GCVs) – that represent or carry group mean differences in regression analyses so the regression procedure can assess the significance of those differences.
If we have two groups, most likely our interest will be on the difference between the group means.

Suppose we put the data of the two groups into a statistical package data editor, like this
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The t-test procedure is great for comparing group means.  But it doesn’t 

generalize to comparisons involving continuous variables.


Early on, statisticians discovered that the comparison of two group means

could also be made using the correlation between the dependent variable

and a variable whose values represent the groups.



  r = .601.
t = r/sqrt((1-r2)/(n-2))= .601/sqrt(.638/28) = .601/.151 = 3.979
Our goal is to be able to do all the analyses we want to do with one procedure.
When there are only two groups, the comparison is easy.  But when there are 3 or more groups, as shown in PSY 5130, comparing means using Regression requires some special procedures.

This is where GCVs (Group Coding Variables) come in.

Note that when we compare the mean of one group with the mean of another, we’ll have to explicitly or implicitly compute the difference between the means.

Note also that there’s only one difference between two means.  This suggested to early statisticians that they could compare group means by correlating the scores with just one variable – a variable whose values represented the two groups. .

As we’ll see, as we consider situations with more than 2 groups, there will always be one less difference than there are groups.  Statisticians have discovered that we must compute K-1 group coding variables to represent differences between K groups.
For example, when there are 3 groups, e.g., A, B, and C, there are the following possible differences . . .
A-B

A-C

B-C

You might say, “Wait, there are 3 differences there!”  And you’d be correct.  But . . .

One of those differences is perfectly predictable from the other two. 

For example, if A-B = 3 and A-C = 5, what is B-C?  Answer:  B-C has to be 2.  

B = A-3
C= A-5
B-C = A-3 - (A-5) = A-3-A+5 = 2


So, in fact, the number of group coding variables needed to represent all the nonredundant differences between K groups is always K-1.

“Why do we need to know this?” you might ask.

Good question.

Actually, the real question is why do we need multiple regression because this is all done for its sake?
The answer is that multiple regression is an all-purpose analytic strategy.  It’s kind of the Wal-Mart Supercenter of statistical techniques.  It allows you to analyze both quantitative and qualitative independent variables at the same time.  You can use t-tests and the analysis of variance formulas to compare means, but you can’t include quantitative variables in those analyses.  Multiple regression lets you do it all.

Having dealt with that question, then the answer to the first question is:  If you want to include qualitative factors in a multiple regression analysis, you have to understand group coding schemes.

It turns out that many of the procedures in SPSS are based on multiple regression techniques, so being able to understand group coding schemes helps you take advantage of those procedures.  These procedures are
REGRESSION

GLM

LOGISTIC REGRESSION

COX REGRESSION (Survival analysis)

Comparison of means using SEM techniques.

These procedures are fundamental statistical procedures.

Types of coding schemes.

There are several ways of representing group membership. Each way is called a coding scheme.

The coding schemes are distinguished by the comparisons associated with each of the group-coding variables.

Dummy Variable Coding.

Each group-coding variable compares the mean of a group with the mean of a reference group.

Each group coding variable is made up of 0’s and 1’s.

Effects Coding.

Each group-coding variable compares the mean of a group with the unweighted mean of the means of all the groups.

Each gcv is made up of 0’s, 1’s, and -1’s.

Contrast Coding.

Each group-coding variable compares the mean of one user-chosen set of groups with the mean of a second user-chosen set of groups.

Helmert Coding

Difference Coding
Dummy Variable Coding

Two groups


DV1
Y
G1
1
Ys
G2
0
Ys
(G2 might be called the reference group.)
The t value associated with the single group-coding variable, DV1, compares X-barG1 with X-barG2
Three Groups


DV1
DV2
Y
G1
1
0
Ys
G2
0
1
Ys
G3
0
0
Ys
(G3 is the reference group here.)

The t-value associated with the 1st group-coding variable compares X-barG1 with X-barG3.

The t-value associated with the 2nd group-coding variable compares X-barG2 with X-barG3
Four Groups


DV1
DV2
DV3

G1
1
0
0

G2
0
1
0

G3
0
0
1

G4
0
0
0 
(G4 is the reference group)

The t-values compare means of G1, G2, or G3 with mean of G4.

Five Groups


DV1
DV2
DV3
DV4

G1
1
0
0
0

G2
0
1
0
0

G3
0
0
1
0

G4
0
0
0
1

G5
0
0
0
0
 (G5 is the reference group)

The t-values compare means of G1, G2, G3, G4 with mean of G5.

SPSS does this automatically in many procedures.  It’s called INDICATOR coding by SPSS.

Regression Comparing Means of 3 Groups

Using Dummy Variable Coding

 JS  JOB DC1 DC2

  6   1   1   0

  7   1   1   0

  8   1   1   0

 11   1   1   0

  9   1   1   0

  7   1   1   0

  7   1   1   0

  5   2   0   1

  7   2   0   1

  8   2   0   1

  9   2   0   1

 10   2   0   1

  8   2   0   1

  9   2   0   1

  4   3   0   0

  3   3   0   0

  6   3   0   0

  5   3   0   0

  7   3   0   0

  8   3   0   0

  2   3   0   0
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Effects Coding

Two groups


EV1

G1
 1

G2
-1

Three Groups


EV1
EV2

G1
1
0

G2
0
1

G3
-1
-1
(G3 is the reference group here.)

The t-value associated with EV1 compares X-barG1 with the mean of all 3 group means.

The t-value associated with EV2 compares X-barG2 with the mean of all 3 group means.

Four Groups


EV1
EV2
EV3

G1
1
0
0

G2
0
1
0

G3
0
0
1

G4
-1
-1
-1 (G4 is the reference group)

The mean of each EV compares a Group mean with the mean of all groups.

Five Groups


EV1
EV2
EV3
EV4

G1
1
0
0
0

G2
0
1
0
0

G3
0
0
1
0

G4
0
0
0
1

G5
-1
-1
-1
-1 (G5 is the reference group)

The mean of each EV compares a Group mean with the mean of all groups.

SPSS calls this coding DEVIATION coding.

Regression Comparing Means of 3 Groups

Using Effects Coding

 JS  JOB EC1 EC2
  6   1   1   0

  7   1   1   0

  8   1   1   0

 11   1   1   0

  9   1   1   0

  7   1   1   0

  7   1   1   0

  5   2   0   1

  7   2   0   1

  8   2   0   1

  9   2   0   1

 10   2   0   1

  8   2   0   1

  9   2   0   1

  4   3  -1  -1

  3   3  -1  -1

  6   3  -1  -1

  5   3  -1  -1

  7   3  -1  -1

  8   3  -1  -1

  2   3  -1  -1
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Contrast Coding
K-1 comparisons are created by the analyst to answer specific questions he/she may have.

Each one compares the mean of one collection of groups with the mean of a second collection of groups.  Some of the groups can be left out of the comparison.

Examples first, then definitions.

2 Groups


C1

G1
+.5

G2
 -.5

3 Groups.


C1
C2

G1
 .67
  0

G2
-.33
 .5

G3
-.33
-.5

C1 compares the mean of G1 with the mean of G2 and G3, treated as one group.

C2 compares the mean of G2 with the mean of G3, ignoring G1.

4 Groups


C1
C2
C3




G1
. 5
  0
 .5




G2
 .5
  0
-.5




G3
-.5
 .5
  0




G4
-.5
-.5
  0




C1 compares the mean of G1 and G2, treated as one group with the mean of G3 and G4, treated as one group.

C2 compares the mean of G3 with the mean of G4.

C3 compares the mean of G1 with the mean of G2.

A possible rule for creating coefficients.
Create 3 collections of groups:  Collection 1, Collection 2, and Collection 3.

Coefficient assigned to First Collection of Groups:  

Number of groups in 2nd collection / Number of groups in both collections. 
 
2/4 for C1 in above example.
Coefficient assigned to Second Collection of Groups:  

Minus Number of groups in 1st collection / Number of groups in both collections.  

– 2/4 for C1 in above example.
If there is a 3rd Collection, coefficients assigned to all groups in it are 0.
Conditions coefficients must satisfy.
1.  Coefficients of a contrast must sum to zero.

2.  Sum of products of coefficients of any pair of contrasts must be zero.  (The orthogonality condition.)

Two ways to get orthogonality
1)  Barriers between groups of comparisons.  Separate the positive coefficient groups from the negative coefficient groups.  Form next contrast among those groups with same coefficient value.
2)  Factorial comparisons.  Treat groups as a factorial design.  See later examples.
Comparing 3 Group Means
Using Contrast Coding

  ID JS  JOB  CC1   CC2


  1   6   1  .667  .000

  2   7   1  .667  .000

  3   8   1  .667  .000

  4  11   1  .667  .000

  5   9   1  .667  .000

  6   7   1  .667  .000

  7   7   1  .667  .000

  8   5   2 -.333  .500

  9   7   2 -.333  .500

 10   8   2 -.333  .500

 11   9   2 -.333  .500

 12  10   2 -.333  .500

 13   8   2 -.333  .500

 14   9   2 -.333  .500

 15   4   3 -.333 -.500

 16   3   3 -.333 -.500

 17   6   3 -.333 -.500

 18   5   3 -.333 -.500

 19   7   3 -.333 -.500

 20   8   3 -.333 -.500

 21   2   3 -.333 -.500
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 Factorial Designs
2 x 2 Factorial
Recall from 510/511 that factorial designs are represented on paper as a two-way table 



Column Factor



Col1
Col2


Row1
G1
G2

Row


Row2
G3
G4

Recall also that in a factorial design, we perform 3 tests

1.  Test of the Row main effect

2.  Test of the Column main effect

3.  Test of the interaction.

Here are coding schemes for a 2 x 2 factorial design.

The row main effect is coded by treating everyone in Row 1 as one collection and everyone in Row 2 as a 2nd collection.  So, everyone in Row 1 (G1 and G2) gets one value (+.5) in the example, and everyone in Row 2 gets the other value (-.5).  

The Column main effect is coded in the same way.  Everyone in Column 1 (G1 and G3) gets one value.  Everyone in Column2 (G2 and G4) gets the other.

Finally, the interaction is coded as follows:  Each value of the interaction group coding variable is the product of the two main effect variable values.  So, the +.25 is the product of +.5 and +.5.  The -.25 in the second line is the product of +.5 and -.5, and so forth.


Row ME
Col ME

Main effect
Main effect
Interaction

GCV1

GCV2

GCV3
G1
+.5

+.5

+.25

G2
+.5

 -.5

 -.25

G3
 -.5

+.5

 -.25

G4
 -.5

 -.5

+.25

The comparison that each coding scheme makes:

CGV1:

Mean of G1 and G2 vs. mean of G3 and G4,  (G1+G2) – (G3+G4)

CGV2:

Mean of G1 and G3 vs. mean of G2 andG4,   (G1+G3) – (G2+G4)

GCG3:

Difference of G1 and G2 vs. Difference of G3 and G4:  G1-G2 – (G3-G4)

The beauty of this is that all the conditions of contrast coding are met.  The coefficients sum to 0.  The coefficients are orthogonal.  Life is good.

Contrast Coding a 2 x 3 Factorial Design.
Representation of the design:



Column Factor



Col1
Col2
Col3


Row1
G1
G2
G3

Row


Row2
G4
G5
G6

Row main effect:  Mean of G1, G2, G3 vs. mean of G4, G5, G6.  

We’ll treat G1, G2, G3 as one group and compare its mean with the mean of G4, G5, and G6 treated as one group.

Column main effect:  Mean of G1, G4 vs. mean of G2, G5 vs. mean of G3, G6.

Interaction:  Difference of G1 and G4 compared with difference of G2 and G5 compared with difference of G3 and G6.

Group Coding variables

Row main effect:  Only one is required since there are only two rows to compare.

Column main effect:  Two group coding variables are required to carry the column main effect, since there are 3 columns whose means must be compared.
Interaction:  Since there are two column main effect variables, there will be two interaction variables.  


Row ME
Col ME1
Col ME2
Interaction1
Interaction2
G1
.5

.67

0

.33

0
G2
.5

-.33

.5

-.17

  .25
G3
.5

-.33

-.5

-.17

 -.25
G4
-.5

.67

0

-.33

0
G5
-.5

-.33

.5

.17

-.25
G6
-.5

-.33

-.5

.17

  .25
This is getting quite complicated, and only a few applications actually require reference to things like the interaction group coding variable.  So we won’t pursue it further here.
Example from Jody Damron’s thesis
Jody was interested in determining whether people can fake the Big Five personality dimensions toward specific jobs.

He had four between-subjects conditions

1
Just Fake Good

2
Fake toward the job of manager.

3
Fake toward the job of sales person

4
Fake toward the job of Accountant

He had about 90 people in each group.  Each group saw an instruction sheet either telling them to fake good (Condition 1) or containing a description of the job (manager or sales or accountant) with instructions to fake toward that job.

We’ll analyze extraversion faking scores.  

I would expect highest greatest amount of faking of extroversion for the sales job.

I have no specific expectations for the other jobs.

Since 4 groups are being compared, 3 group coding variables are required.  The following creates 3 contrasts:

C1:  Sales vs. all other jobs.  (This is the main comparison of interest to us.)
C2:  Just Fake Good vs. Manager & Accountant (We need an orthogonal contrast.  Don’t really care about its 
significance.)
C3:  Manager vs. Accountant  (Again, need a contrast.  Don’t care whether or not it’s significant.)
In the previous notation





C1

C2

C3

G1
Just Fake good
  -.25

+.67

0

G2
Manager

  -.25

 -.33

+.5

G3
Sales


 +.75

0

0

G4
Accountant

  -.25

 -.33

-.5

Here’s how the group coding variables were created in SPSS syntax.
The syntax creates 3 new variables in the SPSS data editor window called C1, C2, and C3.

recode condit (3=.75)(1,2,4=-.25) into C1.

recode condit (1=.67)(2,4=-.33) (3=0)  into C2.

recode condit (2=.5)(4=-.5)(1,3=0) into C3.

variable labels

 C1 "Sales vs. Pure fake, Manager, Accountant"

 C2 "Pure fake vs. Manager, Accountant"

 C3 "Manage vs. Accountant".

To the right is a snapshot of part of the

Data editor window showing the values of the constrasts

for the first few cases.

The results of the analysis of Jody’s thesis.

I decided to add cognitive ability (Wonderlic scores) to the analysis, since we’ve found that CA predicts faking under conditions of instructions to fake and should be controlled for in such analyses.

regression variables = sdiffext cog_ab C1 C2 C3 /descriptives = default corr

  /statistics = default change /dep=sdiffext /enter cog_ab /enter C1 C2 C3.

Regression

[DataSet1] F:\MdbR\Damron\Damron060818.sav
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The bottom line is that the hypothesis was not supported.  Respondents told to fake good for sales jobs did not fake extraversion more than respondents told to fake good for other jobs.

Helmert coding
A sequential contrast coding scheme comparing

1)  1st K-1 with Kth

2)  1st K-2 with K-1th, Kth=0
3)  1st K-3 with K-2nd, K-1th and Kth = 0
.

.

.

K-1)  1st with 2nd.
Three Groups

H1
H2

G1
-.33
-.5

G2
-.33
+.5

G3
.67
0

Four Groups


    H1
     H2
        H3

G1
-.25
-.33
-.5

G2
-.25
-.33
+.5

G3
-.25
+.67
0

G4
+.75
0
0
Eight Groups


H1
H2
H3
H4
H5
H6
H7

G1
-.125
-.143
-1/6
-1/5
-1/4
-1/3
-1/2


G2
-.125
-.143
-1/6
-1/5
-1/4
-1/3
1/2

G3
-.125
-.143
-1/6
-1/5
-1/4
2/3
0

G4
-.125
-.143
-1/6
-1/5
3/4
0
0


G5
-.125
-.143
-1/6
.800
0
0
0

G6
-.125
-.143
.833
0
0
0
0

G7
-.125
.857
0
0
0
0
0

G8
.875
0
0
0
0
0
0

Difference Coding

Same as Helmert except flipped around horizontal axis – 1st vs. rest, 2nd vs. rest, 3rd vs. rest, etc.

I’ve used Helmert and Difference coding not because of any inherent interest in the contrasts, but simply to get some form of contrast codes for a set of groups.
Independent Samples Test�
�
�
EXAM�
�
�
Equal variances assumed�
Equal variances not assumed�
�
Levene's Test for Equality of Variances�
F�
1.943�
�
�
�
Sig.�
.174�
�
�
t-test for Equality of Means�
t�
-3.978�
-4.019�
�
�
df�
28�
27.997�
�
�
Sig. (2-tailed)�
.000�
.000�
�
�
Mean Difference�
-4.911�
-4.911�
�
�
Std. Error Difference�
1.234�
1.222�
�
�
95% Confidence Interval of the Difference�
Lower�
-7.439�
-7.414�
�
�
�
Upper�
-2.382�
-2.408�
�






Mean = 72.71





Without Regression, we’ve have to use the t-test procedure to compare the means.





Mean = 77.62





The group coded with all 1’s on dummy variable 1 is represented by dummy variable 1 in the regression analysis below..





The group coded with all 1’s on dummy variable 2 is represented by dummy variable 2 in the regression analysis below..





The group coded with all 0’s on the  two dummy variables is the reference group.





ANOVA F in Regression analysis is equal to the F test from One way analysis of variance.





Each Dummy variable represents a comparison of a group with the reference group.





The group coded with all 0’s is the reference group.





The group coded with 1’s on a variable is the group compared with the reference group by that variable.





B’s equal the difference in means between specific groups and the reference group.





Compares the group coded with 1’s on DC2 with the reference group.





Compares the group coded with 1’s on DC1 with the reference group.





The group coded with 1’s on Effects variable 1 is represented by Effects variable 1 in the regression analysis below..





The group coded with 1’s on Effects variable 2 is represented by Effects variable 2 in the regression analysis below..





The group coded with all -1’s on the  two Effects variables is the reference group.  It’s basically ignored in the following analyses.





EC1 EC2





ANOVA F in Regression analysis is equal to the F test from One way analysis of variance.





EC1





EC2





DC2





DC1





Dummy





B’s equal the difference between the mean of a group and the mean of the means of all groups.





Effect





Compares the group coded with 1’s on EC2 with the mean of means of all three groups.





Compares the group coded with 1’s on EC1 with the mean of means of all three groups.





The rule for forming a contrast variable between two sets of groups is 





1st Value = No. of groups in 2nd set / Total no. of groups.





2nd Value= - No. of groups in 1st set / Total no. of groups.





3rd Value = 0 for all groups to be excluded.





So, 	1st Value  of CC1 = 2 / 3 = .667.





	2nd Value of CC1  = - 1 / 3 





	1st Value of CC2 = 1 / 2 = .5





	2nd Value of CC2 = -1 / 2 = -.5





	3rd Value of CC2 = 0 to exclude Job 1.





General Rule:  V / (U+V) vs. –U / (U+V)


Where U and V are the number of groups in each set.





CC1 compares mean of Job 1 with the mean of Jobs 2 and 3.





CC2 compares the Mean of Job 2 with the mean of Job 3.





CC1 CC2





ANOVA F in Regression analysis is equal to the F test from One way analysis of variance.





B’s equal or are proportionate to the comparisons represented by the contrast coded variable.





Tests the comparison represented by the 2nd Contrast variable..





Tests the comparison represented by the first Contrast variable.





G1


G2


G3


G4





�
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