Lecture 6:  Simple Regression
Regression Analysis

The development of a formula for weighting or combining the values of 1 or more independent variables to predict or explain variation in values of a dependent variable.

Always 1 DV.  It'll be labeled Y.

Simple Regression or Bivariate Regression
1 independent variable.

It'll be labeled X.

Multiple Regression

2 or more independent variables

The first will be labeled X1.  The second will be labeled X2.  And so forth.

Linear Regression

The formula involves only the first power of X(s) and no products.  e.g., Y = a + b1X1 + b2X2
Nonlinear Regression

The formula involves powers of X(s) or transformations of X(s) such as logarithmic or exponential transformations.  e.g., Y = a + bX12 + cX1X2 + d*log(X4)
Simple Linear Regression

The formula has the form:  Predicted Y = a + bX.

Multiple Linear Regression

The formula has the form Predicted Y = ay.12 + by1.2X1 + by2.1X2
It will also be written as Predicted Y = a + b1X1 + b2X2.

Later on, we’ll write this as Predicted Y = B0 + B1X1 + B2X2.

Predicted Y is written as Y-hat.

Regression Analysis Vs. Correlation Analysis.
Correlation:  A formula which assesses the strength and direction of relationship between X and Y.

Regression:  
A formula allowing you to predict or explain Y from X.  
Requires a relationship between X and Y.

So correlation analysis is a step on the way to regression analysis.  More on this later.
Why perform regression analysis?

1.  Convenience.  The formula serves as a convenient way to generate predicted Y values for persons for whom we have only X or X's.

See the following data matrix of test performance and 1st year sales.  What would be the predicted SALES for a person who scored 30 on the test?

2.  Objectivity.  The formula serves as an objective way to generate predicted Y values for persons for whom we have only X or X's.

Suppose the boss's daughter or son scored 25 on the test.  The formula is a way of generating predictions which depend only on the data in an objective fashion.

3.  Regression Extras.  A byproduct of the analysis allows us to determine the accuracy of our predictions.  That is, beside the fact that the formula gives us a convenient, objective prediction, we also are able to say how accurate that prediction is (by way of a confidence interval).

4.  Theory.  The form of the relationship (linear vs. nonlinear) may be of theoretical interest.  Some theories predict linear relationships between variables.  Others predict specific forms of nonlinear relationships.  Regression analysis affords tests of those predictions.

Mike – get refs to articles on linearity here.

5.  Statistical Control.  Multiple regression analysis allows us to investigate the effects of variables while statistically controlling for the effects of other variables.  These statistical controls are often the only kinds which are possible for many real life data analytic situations.

The process of Simple Linear Regression

Sample:  We must begin with a set of X-Y pairs.  Let’s call it the regression sample.

Results:  The primary results are estimates of the value of a and the value of b in the formula, 
Predicted Y =    a + bX    =     bX + a  
Constants:  Each person may have a different value of X.  But a and b are constants for the sample - they have the same value for everyone in the sample.
A more elaborate way of stating the prediction formula is 

Predicted Y for a person = a + b * That person's X-value.

The same value of a applies to each person in the collection.

The same value of b applies to each person in the collection.

a and b are called regression parameters.
The only thing which will vary from person to person is the value of X.

The Eyeball Method  
1.  Form a scatterplot of the X-Y pairs in the regression sample.

2.  Draw the "best fitting straight line" through the scatterplot.

3.  The slope of the bfsl is the value of b.

To compute b from the bfsl:  
Pick two points on the line as far apart as possible.  
Compute Y-difference.  
Divide it by X-difference.  
That's the slope.

4.  The y-intercept of the bfsl is the value of a.

To compute a, simply measure the height of the bfsl over X=0.

SIMPLE REGRESSION LECTURE EXAMPLE

Consider an insurance company's desire to predict performance of its sales persons.  Clearly it would be of benefit to the company to know which prospective employees would be good salespersons and which would be expected to be poor.  The company could hire only those expected to do well in the sales position.

Suppose that a test of sales ability is being given to all current employees.  In addition, a record of sales in the first year on the job is available for all employees.

The interest here is in using the relationship between test scores and first year sales performance of previously hired employees to predict first year sales of prospective employees.

Suppose data on 25 current employees are available.  

Test scores can range from 0 to 50, with 50 representing the best possible test score.  

Sales figures can range from 0 to $2,000,000.  For sake of exposition, sales figures are expressed in no. Of $1000's, ranging from 0 to 2000.

PERSON  TEST  SALES

1  
32  
890

2  
23  
790

3  
36 
1330

4  
34  
855

5  
31  
990

6  
32 
1285

7  
26  
865

8  
21  
900

9  
27  
725

10 
38 
1115

11 
32 
1135

12 
29 
1060

13 
28 
1160

14 
32 
1195

15 
36 
1100

16 
37 
1165

17 
36 
1295

18 
22  
720

19 
29 
1090

20 
33 
1040

21 
31  
805

22 
28  
925

23 
22  
520

24 
29 
1070

25 
24  
975
Draw your own scatterplot of the data on the previous page.  Then draw your best fitting straight line through the scatterplot.  (The data are presented below for your convenience.)
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Computer generated scatterplot of the example data.
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Objective Best Fitting Straight Line through the scatterplot.
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Hand drawn best fitting straight line.
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Computing Predicted Ys

1.  Draw a vertical line from the Predictor X value up to the bfsl.

2.  The height of the point where the vertical line intersects the bfsl is the predicted Y.

3.  

Y-hat for X = 20 is about 650.

Y-hat for X = 35 is about 1100
The formula method

The formula method computes b and a such that the sum of squares of the differences between Y's and Y-hats is smaller than it would be for any other values.

Called a least squares solution.

The mean is a least squares measure.   The variance (and standard deviation) about the mean is smaller than it is about any other value.

Estimate of b

The estimate of b can be obtained using several formula's.  The conceptual formula is

bYX = Covariance of X and Y divided by Variance of X's.



((X-X-bar)(Y-Y-bar) / n


SY
b =
----------------------------

= r * -------------

     ((X-X-bar)2/ n



SX
The y-intercept.

Once b has been computed, a is computed from


a = Y-bar - b*X-bar

The stat package method.  (Formula method in disguise.)
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	Model Summary

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

	1
	.684a
	.468
	.445
	149.203

	a. Predictors: (Constant), TEST


	Coefficientsa

	Model
	Unstandardized Coefficients
	Standardized Coefficients
	t
	Sig.

	
	B
	Std. Error
	Beta
	
	

	1
	(Constant)
	176.474
	185.606
	
	.951
	.352

	
	TEST
	27.524
	6.123
	.684
	4.495
	.000

	a. Dependent Variable: SALES


Predicted Y = 176.474 + 27.524*TEST
For TEST = 20, Predicted Y = 176.474 + 27.524*20 = 726.924
A scatterplot with observed points, best fitting straight line, and predicted points and a couple of residuals.
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Regression as a model for a relationship

The above shows how a regression equation serves as a model of a relationship.

The filled in points are an idealization of the Test~Sales relationship.

It shows how Sales would relate to Test if it weren’t for the errors introducted by idiosyncracies of individuals.

You will here data analysts speak of the regression model of the data.  The scatterplot of filled points is what they are referring to.
Interpretation of the regression parameters  
a
Expected value of Y when X = 0.

b
Expected difference in Y between two people who differ by 1 on X


Expected change in Y when X increases by 1 if X is manipulable

Difference between a Correlation Analysis and a Regression Analysis
Correlation Analysis

No Independent Variable / Dependent Variable characterization needed.

A binomial effect size table

The correlation coefficient.

A scatterplot.
Interpretation of the relationship.
Regression Analysis

There is clearly a Dependent Variable and an Independent Variable.

Perhaps a binomial effect size table.

The correlation coefficient.

A scatterplot with best fitting straight line.

The prediction equation with the values of a and b.
Interpretation of the relationship and of the prediction equation.
What to watch for in both. . .

1.  Is the relationship essentially linear?

2.  Are there any points that are particularly poorly predicted?

3.  Are there any points that appear to be too influential?

4.  Is the relationship what your theory said it would be?
Regression Statistics for Individual Cases  (boring, arcane, grit your teeth)

Predicted Y's:

Predicted Y = a + b *X

Central Tendency:  
Mean of predicted Ys is the mean of the Y's.

Variability:  

Variance of the predicted Ys is r2*Variance of the Ys.

1)  The fact that the variance of the predicted Ys is less than or equal to the variance of Ys means that the predicted Ys will be conservative – predicted Y for a large Y will be slightly smaller than the actual Y, for example.  Predicted Ys regress to the mean.

2)  The predicted Ys are perfectly linearly related to the Xs.  The predicted Ys are simply a restatement or linear recoding of the Xs.  The predicted Ys are the Xs, thinly disguised.
3)  When you plot predicted Ys vs Xs, you’ll always get a perfectly straight line of points.

4)  There is NO variation in the predicted Ys that is not completely predictable by the Xs.

Residuals:
Y - Y-hat.

Central Tendency:
Mean of residuals is 0.

Variability:

Variance of the residuals = (1-r2)*Variance of Ys.  

A positive residual:  Y outperformed the prediction.  Y overachieved..

A negative residual:  Y underperformed the prediction.  Y underachieved.

1)  Residuals represent variation in the Ys that is unrelated to the Xs.  So the correlation between the residuals and the Xs (and the Y-hats) is perfectly 0.

2)  The regression analysis has extracted all the variation in Ys that is related to Xs and embodied it in the predicted Ys.  All the variation in Ys that remains is variation that is not related to Xs.

3)  This variation may be related to variables other than X.  In fact,  if the variance of the residuals is large, this is an indication that there is variation in Y remaining to be predicted.

4)  So large residuals in a simple regression will cause us to search for other predictors of Y.

5)  Residuals are said to represent the unique variation of Y with respect to X.  
So regression analysis divides the variation of the Ys into two components – 
1) variation that is completely related to X and 
2) variation that is completely independent of X.  

 Summary Statistics for the whole sample
Coefficient of determination

It is interpreted as the percentage of variance of the Y’s which is linearly related to the X’s.


((Y-hat-Y-bar)2 / N
Variance of the Y-hats

Coefficient of determination = --------------------------    =
----------------------------

((Y - Y-bar)2 / N

Variance of the Y's

It is more commonly computed as r2 or R2 in multiple regression.

Coefficient of determination ranges from 0 to 1.

0::  Y is not related to X in a linear fashion..

1:  Y is perfectly related to X.

The coefficient of determination, i.e., r2, is the most often used measure of goodness of fit of the regression model.

Standard Deviation of the residuals

SY-Y-hat =  (((Y-Y-hat - 0)2 / n

Typically, it is written as

SY-Y-hat =  (((Y-Y-hat)2 / n  since the mean of the residuals = 0.

Standard Error of Estimate

S-hatY-Y-hat =  (((Y-Y-hat)2 / (n-2)  since the mean of the residuals = 0.

Standard error measures how much the points vary about the regression line.

Roughly, it’s a measure of how close we could expect an actual Y to be to its predicted Y.

If normal distribution assumptions are met, about 2/3 of Y’s will be within 1 SEE of Y-hat.

About 95% of Y’s will be within 2 SEE’s of Y-hat.

Talking about regression

We always regress the dependent variable onto the independent variable(s).

Regression with Standardized Variables, Z-scores

If all X's and Y's are converted to their respective Z-scores . . .

Predicted ZY = r * ZX
Since r is invariably less than 1, this equation predicts regression to the mean.  The distance of Y from its mean will be predicted to be less than the distance of X from its mean.


Identifying outliers and influential Cases

X-outlier
A cases whose X-value is way out in the upper or lower tail of the X-distribution.

Compute ZX. Those values >= 2 in absolute value are suspect.

Regression outlier
A case whose residual is way out in the upper or lower tail of the distribution of residuals.

A case whose Y is especially poorly predicted by the regression equation.

Compute ZY-Y-hat.  Those values >= 2 in absolute value are suspect.

DFBETA
A measure of the extent to which a case affects a parameter of the regression equation.


DFBETAa for a case = a computed from all cases minus a with the case excluded.





Measures how much a person’s presence in analysis affects a.


DFBETAb for a case = b computed from all cases minus b with the case excluded.





Measures how much a person’s presence in analysis affects b.

In each instance, DFBETA is the amount by which the parameter changed when the case was included. That is, adding case i changed a (or b) by DFBETAa or b.




On the left, the case represented by the small circle affects the y-intercept (a) but not the slope.

On the right, the case represented by the small circle affects the slope (b) but not the y-intercept.

Relationship of P5130 scores 

to P5100/P5110 Scores
We’ll examine the extent to which P5130 scores can be predicted from P5100/P5110 scores.  The scores are proportion of total possible points in the course.  The data below are real, gathered over the past nearly 20 years.

Here’s a scatterplot of the relationship . . .
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The scatterplot, along with SPSS’s best fitting straight line and the r2 value printed in the scatterplot essentially cover everything that many data analysts would like to know about the situation.

It shows that the relationship is strong and positive.  But there is enough scatter to show that a person who does poorly in the fall course doesn’t necessarily have to do poorly in the spring course.

Here are univariate statistics on each variable . . .
	Statistics

	
	p511g
	p513g

	N
	Valid
	358
	358

	
	Missing
	0
	0

	Mean
	.8763
	.8751

	Median
	.8800
	.8900

	Std. Deviation
	.07591
	.08841
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Both distributions are unimodel.  The distribution of P513 scores is slightly negatively skewed.

Simple regression analysis
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The Output

Syntax, if you’re interested . . .
REGRESSION

  /DESCRIPTIVES MEAN STDDEV CORR SIG N

  /MISSING LISTWISE

  /STATISTICS COEFF OUTS R ANOVA

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

  /NOORIGIN

  /DEPENDENT p513g

  /METHOD=ENTER p511g

  /SCATTERPLOT=(*ZRESID ,*ZPRED)

  /RESIDUALS HISTOGRAM(ZRESID) NORMPROB(ZRESID).

Regression

[DataSet1] G:\MdbO\Dept\Validation\GRADSTUDENTS.sav  (P511yr < 2010)
	Descriptive Statistics

	
	Mean
	Std. Deviation
	N

	p513g
	.8751
	.08841
	358

	p511g
	.8763
	.07591
	358

	Correlations

	
	p513g
	p511g

	Pearson Correlation
	p513g
	1.000
	.739

	
	p511g
	.739
	1.000

	Sig. (1-tailed)
	p513g
	.
	.000

	
	p511g
	.000
	.

	N
	p513g
	358
	358

	
	p511g
	358
	358

	Variables Entered/Removedb

	Model
	Variables Entered
	Variables Removed
	Method

	1
	p511ga
	.
	Enter

	a. All requested variables entered.

	b. Dependent Variable: p513g


	Model Summaryb

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

	1
	.739a
	.546
	.545
	.05964

	a. Predictors: (Constant), p511g

	b. Dependent Variable: p513g

	ANOVAb

	Model
	Sum of Squares
	df
	Mean Square
	F
	Sig.

	1
	Regression
	1.524
	1
	1.524
	428.526
	.000a

	
	Residual
	1.266
	356
	.004
	
	

	
	Total
	2.790
	357
	
	
	

	a. Predictors: (Constant), p511g

	b. Dependent Variable: p513g

	Coefficientsa

	Model
	Unstandardized Coefficients
	Standardized Coefficients
	t
	Sig.

	
	B
	Std. Error
	Beta
	
	

	1
	(Constant)
	.121
	.037
	
	3.301
	.001

	
	p511g
	.861
	.042
	.739
	20.701
	.000

	a. Dependent Variable: p513g

	Residuals Statisticsa

	
	Minimum
	Maximum
	Mean
	Std. Deviation
	N

	Predicted Value
	.6544
	1.0418
	.8751
	.06534
	358

	Residual
	-.19796
	.22065
	.00000
	.05955
	358

	Std. Predicted Value
	-3.377
	2.551
	.000
	1.000
	358

	Std. Residual
	-3.319
	3.700
	.000
	.999
	358

	a. Dependent Variable: p513g


The prediction equation:  Predicted P5130 scores = 0.121 + 0.861*P5100P510 score.
So, if a student got the lowest possible A in 5100/5110, predicted P5130 score would be .121+.861*.90 = .896 ~~ .9, also the lowest possible A.

A student with lowest possible B would be predicted to earn .121+.861*.8 =  .81 in P5130.

Charts
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Refined evaluations of performance based on expectations derived from Regression Analyses

The results of a regression analysis can be used to develop a refined evaluation of a person’s performance.

Consider the P5130 scores above.  Below is a distribution of the scores with one specific student identified.
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The student’s score in P5130 was .92. The Z-score corresponding to a .92 was + .51. 

So the student was about ½ standard deviation above the mean in a pretty rigorous statistics course.

Not bad, huh?

But, let’s compute the student’s expected performance in P5130, based on the student’s P5100/5110 performance. 

 That student’s P5100/5110 score was 1.02. (I know this from access to the data set.)

Based on the P5100/5110 performance, the student was expected to score .121 + .861*.92 = 1.00 in P5130!!

So the student’s Z-score relative to his/her expected performance was (.92 – 1.00)/.05964 = - 1.34.

The student did terribly relative to what he/she was expected to do based on p5110/5110 performance.

Here’s the scatterplot, with that student’s pair of scores highlighted.
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This kind of analysis can be applied to every point on a scatterplot.  Those points near the best fitting straight line represent persons whose performance on the vertical variable was about what was expected from consideration of their performance on the horizontal variable.

But every point far from the best fitting straight line is weird, the farther they are from the bfsl, the weirder.  Some performed better than expected; some performed worse than expected.

This refined evaluation of performance can be carried out whenever you’ve developed an expectation for performance based on a regression analysis.
Simple regression and the independent groups  t-test
Regression analyses can be performed when the independent variable is a dichotomy.

The dependent variable cannot be a dichotomy but the independent variable can.

When the independent variable is a dichotomy in simple regression analysis, the results of the simple regression are related to the independent groups t-test.

In fact, the t-test of the significance of the relationship in simple regression is exactly the same value as the “equal variances” t-test from the independent groups t
Example – From the PSY 510/511 lecture on the independent groups t-test

Independent Groups t-test example

Two ways of training clerical workers in how to use the Management Information System in an organization are being compared.  Trainees are randomly assigned to either a Lecture Training Course or a Computer Aided Training Course.  After the end of training, a comprehensive exam covering the MIS is given.  Scores on the exam are the dependent variable.  

Entering the Data

  EXAM CONDIT

   79      1

   71      1

   73      1

   72      1

   78      1

   74      1

   75      1

   72      1

   73      1

   71      1

   70      1

   69      1

   68      1

   73      1

   74      2

   79      2

   80      2

   81      2

   76      2

   79      2

   73      2

   75      2

   79      2

   81      2

   74      2

   80      2

   81      2

   84      2

   74      2

   72      2


Specifying the Analysis

Analyze -> Compare Means -> Independent Samples t-test


T-test Results
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An equivalent analysis as a simple regression analysis
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Regression
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Regression equation:  Predicted Y = 67.804 + 4.911*CONDIT

Plotting the results
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The best fitting straight line through the two sets of points goes through the mean of each group.

If the code values for the two groups differ by only 1, the slope (b) is the difference in means.

The t value printed in the Coefficients box is the same as the equal variances t. 

So the t value printed in the Coefficients box tests the significance of the difference in means.

Relationships vs differences in means?

The equivalence of the independent groups t-test and the simple regression of Y onto a dichotomous IV means that you have a choice when you speak of two-group data.

You can talk about the difference in means of the dependent variable between groups.

Or you can talk about the relationship of the dependent variable to group membership.

Either way is appropriate.

Which you choose depends on the context and the audience.

Note, however, that you probably won’t be able to talk about the SIGN of the relationship, since the values assigned to the groups are arbitrary.
Examples of Simple Regression

Regression of College GPA onto ACTComp:  Biderman, Nguyen,  & Cunningham,  Common method variance in NEO-FFI and IPIP personality measurement.  SIOP, 2009.
Regression

[DataSet1] G:\MdbR\1BiasStudy\BiasStudyLWEQ1_090216.sav

	Descriptive Statistics

	
	Mean
	Std. Deviation
	N

	UGPA1 GPA obtained from records during sem of participation
	3.1014
	.76895
	115

	ACTComp
	22.92
	3.918
	115

	Correlations

	
	
	UGPA1 GPA obtained from records during sem of participation
	ACTComp

	Pearson Correlation
	UGPA1 GPA obtained from records during sem of participation
	1.000
	.526

	
	ACTComp
	.526
	1.000

	Model Summary

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

	1
	.526a
	.277
	.270
	.65684

	a. Predictors: (Constant), ACTComp

	ANOVAb

	Model
	Sum of Squares
	df
	Mean Square
	F
	Sig.

	1
	Regression
	18.654
	1
	18.654
	43.236
	.000a

	
	Residual
	48.753
	113
	.431
	
	

	
	Total
	67.407
	114
	
	
	

	a. Predictors: (Constant), ACTComp

	b. Dependent Variable: UGPA1 GPA obtained from records during sem of participation

	Coefficientsa

	Model
	Unstandardized Coefficients
	Standardized Coefficients
	t
	Sig.

	
	B
	Std. Error
	Beta
	
	

	1
	(Constant)
	.735
	.365
	
	2.014
	.046

	
	ACTComp
	.103
	.016
	.526
	6.575
	.000

	a. Dependent Variable: UGPA1 GPA obtained from records during sem of participation



Predicted Y = 0.735 + 0.103*ACTComp
So, for ACTComp = 20, 

Predicted Y = 0.735 + .103*20 = 2.80

For ACTComp = 30, 

Predicted Y = 0.735 + .103*30 = 3.82.

Regression of GPA onto WPT:  Reddock, Biderman, Nguyen.  Evaluation of methods to enhance the validity of conscientiousness as a predictor of performance
Regression

	Descriptive Statistics

	
	Mean
	Std. Deviation
	N

	gpadoc2
	3.04734
	.515477
	188

	wpt
	22.20
	6.159
	188

	Correlations

	
	
	gpadoc2
	wpt

	Pearson Correlation
	gpadoc2
	1.000
	.305

	
	wpt
	.305
	1.000

	Variables Entered/Removedb

	Model
	Variables Entered
	Variables Removed
	Method

	1
	wpta
	.
	Enter

	a. All requested variables entered.

	b. Dependent Variable: gpadoc2

	Model Summary

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

	1
	.305a
	.093
	.088
	.492269

	a. Predictors: (Constant), wpt

	ANOVAb

	Model
	Sum of Squares
	df
	Mean Square
	F
	Sig.

	1
	Regression
	4.616
	1
	4.616
	19.048
	.000a

	
	Residual
	45.073
	186
	.242
	
	

	
	Total
	49.689
	187
	
	
	

	a. Predictors: (Constant), wpt

	b. Dependent Variable: gpadoc2

	Coefficientsa

	Model
	Unstandardized Coefficients
	Standardized Coefficients
	t
	Sig.

	
	B
	Std. Error
	Beta
	
	

	1
	(Constant)
	2.481
	.135
	
	18.428
	.000

	
	wpt
	.026
	.006
	.305
	4.364
	.000

	a. Dependent Variable: gpadoc2


Predicted Y = 2.481 + 0.0255*WPT

For WPT = 10

Predicted Y = 2.481 + 0.0255*10 = 2.74

For WPT = 20,

Predicted Y = 2.481 + 0.0255*20 = 2.99

For WPT = 30,

Predicted Y = 2.481 + 0.0255*30 = 3.25
For WPT = 40,

Predicted Y = 2.481 + 0.0255*40 = 3.50
Regression of Core First Year I/O Grades onto Formula Score
Regression

 [DataSet4] G:\MdbO\Dept\Validation\Valdat08.sav

	Variables Entered/Removedb

	Model
	Variables Entered
	Variables Removed
	Method

	1
	newforma
	.
	Enter

	a. All requested variables entered.

	b. Dependent Variable: core1st Av of Z's of 506,512,516,(511+513)/2

	Model Summary

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

	1
	.605a
	.366
	.359
	.61874

	a. Predictors: (Constant), newform

	ANOVAb

	Model
	Sum of Squares
	df
	Mean Square
	F
	Sig.

	1
	Regression
	20.070
	1
	20.070
	52.423
	.000a

	
	Residual
	34.839
	91
	.383
	
	

	
	Total
	54.908
	92
	
	
	

	a. Predictors: (Constant), newform

	b. Dependent Variable: core1st Av of Z's of 506,512,516,(511+513)/2

	Coefficientsa

	Model
	Unstandardized Coefficients
	Standardized Coefficients
	t
	Sig.

	
	B
	Std. Error
	Beta
	
	

	1
	(Constant)
	-5.935
	.822
	
	-7.217
	.000

	
	newform
	.005
	.001
	.605
	7.240
	.000

	a. Dependent Variable: core1st Av of Z's of 506,512,516,(511+513)/2



So Predicted Core1st = -5.935 + .00504*NEWFORM.

For NEWFORM = 1100,

Predicted Core1st = -5.935 + .00504*1100 = -.39

For NEWFORM = 1200,

Predicted Core1st = -5.935 + .00504*1200 = .113

For NEWFORM = 1300,

Predicted Core1st = -5.935 + .00504*1300 + .617
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Here for your reference.


Be sure to take advantage of it if you must.
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Boilerplate syntax that represents defaults
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Not explicitly covered in S12 but students were asked to look over the results.
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