SPSS Tip Sheet 2- Cleaning your data

 

http://io.psych.uiuc.edu/irt/ is the website we used for this.  Go to “tutorials” and then “data preparation.”  Alternatively, refer to Tip Sheet 2.  It goes over the following formation.

 

2.1 Get a file from text or excel

2.2 Merging your database

- Adding cases

 -Adding variables

2.3    Check for normality
 

2.4    Filters

This can be done several ways and for several different reasons.  One reason for setting a filter is if you only want to analyze a certain population from a larger population.  For example, if you collected data from a large lecture hall but you only want to analyze the data of people who work more than 20 hours a week, you could set a filter.  Also, you could set a filter to split your data into two samples in order to cross validate your sample.  This can be done by matching people based on subject number (this is a good idea if data collection took a long time or took place before AND after something that might create a difference in the data, such as if you were collecting information on job satisfaction before and after a merger).  Another way to split a sample is to do it randomly using filters.  Ask SPSS to filter 50% of the cases.  The syntax may look like this:
USE ALL.

COMPUTE filter_$=(uniform(1)<=.50).

VARIABLE LABEL filter_$ 'Approximately 50 % of cases (SAMPLE)'.
FORMAT filter_$ (f1.0).

FILTER BY filter_$.

EXECUTE .

SPSS will assign a number to indicate if the case is used or not.  You can use this later to split the samples and compare the two samples to each other.  

Otherwise, you can use the selected cases to run the analysis you are interested in.  For example, you may want to only look at one particular gender.  Some example syntax:

USE ALL.

COMPUTE filter_$=(sex = 1).
VARIABLE LABEL filter_$ 'sex = 1 (FILTER)'.
VALUE LABELS filter_$  0 'Not Selected' 1 'Selected'.

FORMAT filter_$ (f1.0).

FILTER BY filter_$.

EXECUTE . 

2.5 Creating two samples

You can use the random samples you created from the filter above, or you can match based on subject number.  This is an example from the IRT website listed above.
From the website:

When performing IRT analysis, it is desirable to cross-validate your data by splitting the data into a calibration sample and a validation sample. The 'Calibration sample' is used for estimating item parameters. The 'Validation sample' is used for checking model-data fit by looking at empirical fit plots and chi-squares.

In order to split your data into the calibration and validation samples, we have used the SPSS program to assign a value of 1 to all even numbered records and a 2 to each odd numbered record. Other strategies for splitting data may also be used. Below is the SPSS syntax used to number the records in the polytomous data set (raw_reversed.sav).

	SPSS Syntax:

	  
	* Write subscales to separate files, calibration and validation samples separately.

* Polytomous file.
GET
FILE='C:\IRTtutorial\raw_reversed.SAV'.
EXECUTE .

*Create split variable.
COMPUTE SNO = $CASENUM.
Execute.

*mark all odd numbers as 1.
IF (MOD(sno,2)) split = 1 .
EXECUTE .

*mark all even numbers as 2.
RECODE
split (SYSMIS=2) .
EXECUTE .

SAVE OUTFILE='C:\IRTtutorial\raw_reversed.SAV'.
Execute.
	


 

2.6 Validating a regression line
Use the website tutorial for this.

2.7    Hierarchical moderated regression

Regression can be used to find partial correlations, to look at interactions, or to find amount of unique variance accounted for, among other analyses. For the purpose of our class, we use regression to look at interactions.  To do this, we build the following model:
Y=b0 + b1x1 + b2x2 + b3x3

This is a basic regression equation, in which Y is the dependent variable, b0 is the intercept, the x’s are the independent variables, and their corresponding b values are the relative weight that they get in the equation.  For example, if the dependent variable is job satisfaction, a variable such as “organizational justice” might have a large b value, or weight, because it is important when predicting job satisfaction, but “favorite color” will probably have a low b weight because it is not related to job satisfaction very much.  

We use regression to test interactions as well.  Let’s say we think weight and gender interact to predict self-esteem, such that males have higher self-esteem when their weight is high, and females have higher self-esteem when their weight is low.  So let’s say we use the regression equation Y=b0 + b1x1x2.  There is a problem, because if ONLY gender or weight mattered, the interaction would still come out significant.  So what we do is separate the impact of gender or weight from the interaction.  First, we find the impact of the main effects of gender and weight by including them in the first block/step of the equation, then including the interaction by itself in the second block or step.  If the interaction is more important (accounts for unique variance) than the main effects, then the change in r2 will be significant.  An interaction term is computed by multiplying your main effects under “transform” “compute.” The syntax may look like this:

REGRESSION

  /MISSING LISTWISE

  /STATISTICS COEFF OUTS R ANOVA CHANGE

  /CRITERIA=PIN(.05) POUT(.10)

  /NOORIGIN

  /DEPENDENT esteem
  /METHOD=ENTER weight gender  /METHOD=ENTER interact.
Make sure you have “change” on, (click “R-sq change” under “Statistics” in the regression window).  The output may look like this (removing the irrelevant stuff)


Model Summary

	Model
	R
	R Square
	Adjusted R Square
	Std. Error of the Estimate
	Change Statistics

	 
	 
	 
	 
	 
	R Square Change
	F Change
	df1
	df2
	Sig. F Change

	1
	.040(a)
	.002
	-.004
	.323
	.002
	.284
	2
	354
	.753

	2
	.043(b)
	.002
	-.007
	.324
	.000
	.083
	1
	353
	.774


a  Predictors: (Constant), southcul, honor

b  Predictors: (Constant), southcul, honor, interact


ANOVA(c)

	Model
	 
	Sum of Squares
	df
	Mean Square
	F
	Sig.

	1
	Regression
	.059
	2
	.030
	.284
	.753(a)

	 
	Residual
	37.000
	354
	.105
	 
	 

	 
	Total
	37.059
	356
	 
	 
	 

	2
	Regression
	.068
	3
	.023
	.216
	.885(b)

	 
	Residual
	36.991
	353
	.105
	 
	 

	 
	Total
	37.059
	356
	 
	 
	 


a  Predictors: (Constant), southcul, honor

b  Predictors: (Constant), southcul, honor, interact

c  Dependent Variable: parthurt


Coefficients(a)

	Model
	 
	Unstandardized Coefficients
	Standardized Coefficients
	t
	Sig.

	 
	 
	B
	Std. Error
	Beta
	 
	 

	1
	(Constant)
	1.960
	.115
	 
	16.979
	.000

	 
	honor
	-.002
	.004
	-.027
	-.516
	.606

	 
	southcul
	-.008
	.014
	-.031
	-.585
	.559

	2
	(Constant)
	2.029
	.264
	 
	7.693
	.000

	 
	honor
	-.004
	.009
	-.063
	-.468
	.640

	 
	southcul
	-.031
	.079
	-.114
	-.389
	.697

	 
	interact
	.001
	.003
	.089
	.288
	.774


a  Dependent Variable: parthurt

First, look at overall ANOVA model.  If this is not significant, do not continue.  You are liable to find spurious effects.

We will continue, however, for illustrative purposes.  Now, refer to the beta weights for the main effects.  If these are significant, you have main effects.  It is possible to have only one of two main effects, or both, or none.  Now, refer to the beta weight for the interaction.  Regardless of whether you have main effects, if this is significant, you have an interaction.  None of these are significant.
To confirm, you would expect the change in R-sqs to be significant.  However, check the effect size.  If R-sq is not large, even significant effects may be meaningless.

Here is some sample syntax.  First I compute the interaction term, then run the regression.
COMPUTE interact = honor * southcul .

EXECUTE .

REGRESSION

  /MISSING LISTWISE

  /STATISTICS COEFF OUTS R ANOVA CHANGE

  /CRITERIA=PIN(.05) POUT(.10)

  /NOORIGIN

  /DEPENDENT parthurt

  /METHOD=ENTER honor southcul  /METHOD=ENTER interact  .

2.8 Plotting Interactions in Excel

Use the file “moderator_cheat_sheet” and use the regression output.  
