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 1  Introduction 

Part of this material has been taken from Health Science Statistics using R and R commander, 2015 by myself. 
 

My YouTube video, Multiple regression as a Structural Equation Model (SEM), demonstrates the practical aspects of 
this chapter: 

https://youtu.be/EWEcvZeS6hw 

 

A further YouTube video I have done provides a description of how you can obtain p-values for each of the predictors, 
entitled, Multiple regression as a Structural Equation Model (SEM), obtaining p-values in Onyx: 

https://youtu.be/uvHuF0f-pWo  

http://robin-beaumont.co.uk/rbook/sem/index.html
https://youtu.be/EWEcvZeS6hw
https://youtu.be/uvHuF0f-pWo
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 2  The Data 

This handout discusses a simple model that you should be familiar with from your undergraduate studies, a Multiple 
regression, with several continuous predictors (= inputs) 

The airpoll.dat dataset consists of various observations from 60 US metropolitan areas in 1959-1961. I have a 
selection of the variables listed below. For further information about the dataset see: 
http://www4.stat.ncsu.edu/~boos/var.select/pollution.html 

  

 
1.  Rain: Annual rainfall (inches) 
2.  Education: Median education 
3.  Pop_Den: Population density 
4.  Nonwhite: Percentage of non-whites 
5.  NOx: Nitrous Oxide 
6.  SO2Pot: Sulfur Dioxide pollution potential 
7.  Mortality: Age adjusted mortality 
 
The correlations (cor()) and covariances (cov()) for 
each of the variables are shown below. 
 
 
 

 
 
 
 
 
 
 
 
 

 
 
 
 

The correlation is also called the standardised covariance 
because is it simply that value divided by the product of 
the standard deviations of each variable involved.  
Because the square root of the variance is the standard 

deviation, we could have used those in the above equation instead. I have provided those values opposite so you can 
check if you wish. 

 
I’ve also given the mean value for each variable opposite. The 
variables we have selected show a great difference in means 
with the Popden variable having a mean value roughly a 

thousand times greater than either Education or Nonwhite. It is known that sometimes independent variables that 
have widely differing levels of magnitude can adversely affect the regression modelling estimation process. For the 
time being we will just note this rather than do anything about it by transforming the variable in some way. 
  

Diagonals: Covariance with itself   

= the variance (var) 

e.g: 
Cor(educat,Nonwhite) = 
COV(educat,Nonwhite)/√var(educat) √var(Nonwhite) 

Key point: 

Correlations are just 
standardised covariances 

http://www4.stat.ncsu.edu/~boos/var.select/pollution.html
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 2.1  Visual summary 
The start of any analysis should be a look at each variable and its relationship with the others. Here are 

scatterplots of the variables involved in our planned multiple regression.   

 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

 2.2  The full model  
One approach to regression modelling involves first of all creating a model that includes all the variables along with 
their interactions, what is called the saturated model. 

 
 
 
We can see that all the 
interaction terms except that 
between Education and Popden 
fail to reach significance as does 
Nonwhite. 
For the time being we will keep in 
all the main effects (i.e. 
Education, Popden, Nonwhite) 
and ignore the significant 
interaction. 
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 2.3  The relationship between path values, correlations and R squared in 
SEM 
Multiple regression is primarily based on manipulating variances and covariances, where the means can be 
considered to bring 
added value!      

The diagram opposite 
shows the regression 
model for the three 
predictors we are going 
to  model in SEM. The 
values along the double 
arrowed paths are 
correlations. While those 
along the single arrowed 
(i.e. asymmetrical) paths 
provide three related 
values. 

We can calculate the R 
squared value, 
representing a measure 
of how well the model 
fits the data, from either 
the SRV or the standardised path coefficients (equivalent to the regression beta weights) and the simple correlations 
between each input and the output (also called the dependent variable/criterion). 
 

1 2 3

2

1 2 3

( .347)( .5103) (.187)(.2614) (.574)(.6436)

.1770741 .0488818 .3694264

.595 (3 )

YX YX YXR r r r

decimal places

    

    

  

  
 
Of course, if more predictors were involved in the regression, more terms would be included in the above equation. 
So, R2 shows that 59.5% of the variance in Mortality can be explained by the three predictors (Education, Pop_Den 
and NonWhite). 

The value on the path from the error term (Error) represents different things in different SEM programs. In Amos it is 
the R2 value, in others such as EQS the value provided is the square root of the SRV (√0.405 = 0.636)..So in this 
situation to obtain the SRV from the standardised path coefficient we need to square it (0.6362 = 0.405). In Ωnyx it 
can be either (discussed later). 

So if in the above diagram a R2 value had been reported instead, as in Amos of .595 (not shown 
above) we can obtain the SRV using the equation given opposite. 

The SRV tells you how much of the Mortality variable cannot be explained by the three predictors, 
for example here, 40.5% (.405) of the variance in Mortality is unexplained by the model. You can think of this a 
measurement error. In contrast to R squared which you can think of as reliability 

Unfortunately, there is a bit of rounding error in these calculations, so the two percentages don’t quite add up to 
100%.   I hope that this strengthens the idea that the error term is a measure of what remains unexplained after the 
regression analysis, as well as the idea that the proportion of variance explained can be calculated from the beta 
weights and the simple correlations between each predictor and the predicted variable. 

I’ll now discuss very briefly some aspects of multiple regression that are pertinent when considering them in the 
context of SEM modelling. I do now want to go over Multiple regression in detail (you can find an excellent chapter in 
my book on that subject:)). 

  

 

-.347 = β1 

.187 = β2 

.574 = β3 

-.01 

-.23 

-.21 

The above value squared .63642 = 0.405  
is called the  

standardised residual covariance (SRV)   
1- SRV = R2 

(.2614 = r2) 

(.6436 = r3) 

Nonwhite 

Educatn 

Pop_den 
Mortalit 

Error 

.63644 

 Path values: 

 rx = simple correlations 

 β1 = Standardised path coefficient 

 b =  unstandardised path coefficient 

(-.5103 = r1) 

0.0079 = b 

4.0 = b 

-25.5  = b 

2

:

1 

Therefore

SRV R

2

2

2

1

1 0.405

0.595

 

 



R SRV

R

R

SRV = 
measurement 

error  

R squared =  
reliability 
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 2.4  b and beta weights (β) 
These values can be thought of as conceptually representing gradients: 

• b’s (partial regression coefficients) are gradients in the original units 

• (β=beta’s)  their standardised counterparts in standard deviations. 

They are effect size measures and can be thought of as gradients.For example: 

 

 

 

 

 

 

 

 

 

In simple linear regression we have b=cov(x,y)/var(x) which is equal to rxy(sd(y)/sd(x)) (found by substituting the 
equation for corr (x,y) given on the previous page), that is the correlation between the input and output variables 
multiplied by an expression consisting of the standard deviations (sd) of the output divide by that of the input. 
Consequently, the standardised b (β=beta) is simply rxy, hence, in simple linear 
regression beta is correctly interpreted as a correlation. 

However in multiple regression the regression weight is partly based on the Partial 
correlation. 
A partial correlation provides an answer to the question “What would the 
correlation be once we had removed a particular variable (or variables) effect on 
both variables taking part in the correlation”. This is what a partial correlation does; 
it removes the effect of other variable(s) upon BOTH the variables being correlated. 

Partial correlations are very useful for seeing how much a correlation is affected 
by other variables, in a sense you can think what it is doing is creating some type of 'pure' correlation between the 
two variables. 

In multiple regression the b's (technically called the partial regression coefficients or weights) are modified by being 
formed from both a partial correlation and partial standard deviations. The partial correlations are shown below, 
compared to the raw correlations provided earlier we can see that several have dropped markedly!  The Partial 
standard deviations are formed in a similar way which I will not go into here. 

 

The take home message here is to remember that each variable in the regression 
equation attempts to provide the unique contribution it makes to the outcome, 
problems start to occur with the modelling process when this is clearly violated! 

 
I would not propose that if you were thinking about carrying out a multiple regression 

you would only use a SEM program. The process of building a regression model and its evaluation is better suited 
using a more general purpose program, however you will see that the SEM approach does offer some additional 
(graphical!) benefits. 
 
  

Partial correlations 

Partial correlation between 
Education & Mortality 

removing influence of other 
variables 

,Educ _ , _ 1

, _ , Educ, _ 2

, _ , Educ, _ 3

               

                     

                            

•

•

•

 





mort mort Pop den Non white

mort Pop den Non white

mort Non white Pop den

Y b X

b X

b X

error

RAW 

Partial 

Regression 

weights (b) 

Education population_den Non_white% 
One unit 
increase in 
education 

-25.5 

Reduction in 
mortality by 
25.5 

One unit 
increase in 
population 
density 

Increase in 
mortality by 
0.008 

One unit 
increase in % 
non_white 

Increase in 
mortality by 
4.0% 

0.008 

Standardised 

Partial 

Regression 

weights (β) 

One SD increase 
in education 

-0.347 

Reduction in 
mortality by 
0.347 SD 

One SD increase 
in population 
density 

0.187 

Increase in 
mortality by 
0.187 SD 

One SD 
Increase in 
% non_white 

Increase in 
mortality by 
0.57 SD 

0.547 

Keeping all other inputs constant 

4.0 

How to write Partial correlations 

R12.3 

R
12.34

 

Correlation between 1 & 2 
removing effect of 3 

Correlation between 1 & 2 
removing effect of  

3 & 4 
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It is easy to convert between b and the standardised beta: 
beta = B x (sd(start arrow_/sd(end of arrow) 

therefore 

b = beta x (sd(end of arrow)/sd(start of arrow)) 

 2.5  Regression Diagnostics 
Lest use not forget regression analysis is dependent upon a whole raft of assumptions all of which should be 
evaluated by yourself, the diagram below is a summary of some of the things you should check.   
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Many of the above techniques involve plots of various sorts – this is an important aspect of the evaluation process. 

We will now look at the output from the Regression analysis carried out in both Onyx and the traditional text based 
approach to see their similarities and differences. 

The following link to my YouTube video shows you how to produce the Onyx diagrams shown in the following 
sections  https://goo.gl/PCPNoO 

If you are not using this handout alongside the Structural Equation Modelling chapter from my book, you will need to 
download the data from the link below and save it locally before you attempt the onyx diagrams. I would also advice 
you to look at the youtube videos explaining how to do this given above. 
www.robin-beaumont.co.uk/rbook/data/airpoll.DAT 
  
Optional datasets: 
Several other formats are offered below for those of you who may wish to play with the data in either R or Spss. In 
the last link I have provided an example of R code showing you how you might use it to create the data   
 
www.robin-beaumont.co.uk/rbook/data/airpoll.rdata 

www.robin-beaumont.co.uk/rbook/data/airpoll.sav 

www.robin-beaumont.co.uk/rbook/data/airpoll_data_r_code.r 

 3  Modelling regression in Onyx 

When creating models in Onyx it defaults to a ‘Saturated means structure’ implying that the software transforms all 
the variables to mean centred scores before fitting the model.  

 3.1  Saturated Means: the default model  
In a SEM model squares represent observed variables, and circles are calculated variables, here the residual, called in 
SEM a Latent variable. 

PRESS 

Regression 
Diagnostics 

multicollinearity 

Cooks distance 
Residuals/leverage plot 

output variable outliers 

linearity of 
predicted values 

normal distribution of 
residuals 

linearity of inputs 

independence of 
residuals 

variance constant 
over x range 

Durbin-Watson 
statistic 

plot 

Mahalanobis distance 

influential cases 

split sample 
validation 

plot 
predicted values 

VIF 

added variable plot 

input variable outliers 

residual versus 
fitted plot 

Regression Diagnostics 

https://goo.gl/PCPNoO
http://www.robin-beaumont.co.uk/rbook/data/airpoll.DAT
http://www.robin-beaumont.co.uk/rbook/data/airpoll.DAT
http://www.robin-beaumont.co.uk/rbook/data/airpoll.rdata
http://www.robin-beaumont.co.uk/rbook/data/airpoll.sav
http://www.robin-beaumont.co.uk/rbook/data/airpoll_data_r_code.r
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In the screen shot below, when you hover over a selected variable it shows that the model mean is Not Available 
(N/A) this is because 
the default model 
type does not make 
use of the sample 
means. We will see 
latter how to change 
this if the need 
arises. 

The first values along 
the regression paths 
(i.e. single arrowed 
lines) are the 
unstandardised path 
coefficients and 
equal the estimates 

from the regression analysis in the R output shown opposite. 
The values in brackets along the single arrowed paths 
represent their standardised values (beta weights), while those 
bracketed values along the double arrowed lines represent 
correlations.  

We can obtain the R squared value from the diagram several 
ways, one is by setting the error variance to 1 (fixed) and 

allowing the path 
parameter to vary, as 
shown opposite.  
 

 
 
As stated previously:  1 - 0.642 =  0.59 = R2 
And therefore 0.642 (=.405= SRV) represents the proportion 
not modelled. 

The unstandardised path coefficient from the error term (39.26) is equivalent to the Residual Standard Error in the R 
output (40.64). Also note that 39.262  = 1541.35 which is the value when the path to the error is set to 1 and its 
variance is allowed to be estimated. 

In Ωnyx when you make an observed variable a dependent variable in a regression (i.e. it has one or 
more single arrowed lines entering it) the error variance can be modelled by just using the double 
arrowed line for this variable, as shown opposite. Now the 'standardised' value in brackets is the 

SRV, not its squared value, (the proportion not modelled) 
rounded to 3 decimal places, hovering over the line displays the 
actual value. Furthermore when you hover over the dependent 
variable now you see the R squared value which is simply 1-SRV.    
 
 

SRV squared 

SRV = 0.41 
measurement 

error  

R squared =  0.595 
reliability 
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 3.2  Standardised Variables (beta’s) 
To demonstrate that Onyx (i.e. Structural Equation Modelling) uses by default mean centred variables you can select 
the observed variables and transform them to standard scores. You will notice now that the raw and standardised 
path coefficients are the same and that the error variance is equal to 0.405 which is the Standardised Residual 
Variance (SRV) that we calculated before. 

We can also add the mean values to the model as explained next. To demonstrate the 
difference I have put the two sets of RAM Matrices (explained in my book) below, notice 
the only difference is the  m (=means) matrix. 
The next page shows how you indicate on a diagram that you want the means modelled as 
well. 

SRV = 0.41 
measurement 

error  
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 3.3  Adding means - Explicit means 
To indicate you want explicit means modelled select from the popup menu option Create Variable → Constant. You then link this triangle symbol to each of the 
observed variables in your diagram.  

You also need to indicate that you want the means to be estimated from the sample data and not just be a set value. You do this by selecting the paths from the 
constant symbol and set it to a ‘free parameter’. 

When you have done this you will notice that each line then displays either the mean value of the variable to which it is pointing or the intercept if it is a outcome, 
it being a estimate for that particular variable. You should note that adding the means does nothing to the path values. 

 
 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 Constant symbol how it works: 

• Default line = sets the value of the constant variable to which line is pointing to 1 

• Variables not connected =  sets the value of the constant variable to which line is 

pointing to 0 

• Line set to be a free parameter = estimates mean of variable to which line is 

pointing 

Unstandardized value 
= Intercept  

Unstandardized value 
= means 

SRV squared 
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 3.4  Modelling an Interaction 
To model interaction you need to add another (calculated) variable to the dataset which is x1 x x2 where 
each are the variables you want to form the interaction from.  The dataset airpoll._edPopdenInt.DAT (from  
www.robin-beaumont.co.uk/rbook/data/ ) contains such a variable for the Education pop_den interaction. 

We can compare this to the model with one with no interaction by cloning the model and then setting the 
interaction path value to a constant of zero in the cloned one. Right mouse clicking and dragging between 
the two models produces a comparison line which displays a p-value of 0.0055 when you hover over it 

We could have found the equivalent information out by remembering that the 
Estimate/SE in the Show Estimate Summary window provides the basis for a  
significance test. Essentially if the standard error is greater than two and a half 
times the estimated value the p-value is less than 0.05. I have used R to 
calculate the exact p-values on the t distribution which I have inserted 
opposite. The correctly calculated rows and those of interest, are 1-3 and 12. 
Row 12 is that for the interaction showing a t value of 2.86 with an associated 
p-value of 0.0057404 The R code is given below. 
vals <- c(-66.25912, -0.09176, 3.66011, -1.54814, 
 -286.01523, -162.20066, 36.82740, 0.70262, 2103117.36260, 
 78.26004, 15601920.89609,  0.00961,  -5483.00964, 20612467.53436, -43.01377) 
 sem <- c(15.43538, 0.03498, 0.56335, 0.97795, 
 161.00713, 1654.08367, 3.36187, 0.12828, 382913.84560, 
 14.28819, 39247506.26060,  0.00335,  16759.61953,  3814941.35303,  1586.62129) 
tvalue <- vals/sem 
data.frame(tvalue) # to get values in a column 
 pvalue2sided=2*pt(-abs(vals/sem), 58) 
data.frame(pvalue2sided) 
round(as.data.frame (pvalue2sided),  digits = 6) 

http://www.robin-beaumont.co.uk/rbook/data/
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 3.5  Hypothesis testing 
Traditionally the researcher carries out an omnibus test to see if any of the inputs (i.e. predictors) are 
statistically significant (i.e. not equal to zero) then if this test is statistically significant goes on to investigate 
each predictor in turn. When interactions are modelled as well a statistically significant interaction means 
that the researcher also keeps any of the inputs associated with it, regardless of their statistical significance. 
We have already considered the interaction and will now consider the two other aspects in turn.   

 3.5.1  The Omnibus test 
This is the F statistic/test shown at the bottom of the R output (F=27; p-value 4.8E-11) As 4.8E-11 indicates a 
decimal with 10 zeros after it then 48 it’s highly significant and we would go on to look at the individual 
inputs.     

But first how does this omnibus test relate to an onyx diagram? It is once again comparing two models a 
more constrained (MC) one be setting each of the regression paths to be equal to zero against a less 
constrained (LC) model where each of the paths is estimated. I would also like to consider another possible 
null type model one where we set the three regression paths to be equal. We will now compare all three 
models. 
 

 

We can see that the two more constrained ‘null’ models produce a log likelihood p-value that is barely 
significant, however comparing either of these against the observed model is highly significant producing a 
p-value almost identical to the F test. 

We have also done more than the traditional F test here having considered not only the traditional null 
model but also a model which I like to think of as similar, one where all the regression path values are 
identical. 

We will now move on to considering each of the regression paths in turn. This equates to the individual 
parameter t tests. 
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 3.5.2  Evaluating individual Regression lines within Onyx 
To assess each individual regression line we simply set it to the fixed value of zero and then compare that 
model to the model where all are able to be freely estimated. 
 

 
Using the above approach demonstrates very nicely what is happening when we inspect the p-values from 
each of the configurations. Using this approach, it is also possible to compare more complex configurations 
such as setting a subset of variables to be equal or proportional to another etc  
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 3.5.3  Evaluating individual Regression line significance using the 
estimate summaries 
On Onyx you can obtain estimation summaries two ways. Firstly, by clicking on the tab at the left of the 
model window opens up a new window showing some details for each estimated parameter, you can then 
compare the displayed Z scores against a standard conversion table to obtain estimates of the implied p-
values: 

 

 

 

 

 

The alternative is to inspect the ‘show estimate summary’ 
window. Then calculate the Estimate/std.Error score to 
produce a t value and then obtain a p-value. 

We can compare our results from three methods, 
shown below. 

Clearly there is little difference and not one that 
would make any practical difference 
to our decision making. I personally 
find the graphical Onyx diagram 
approach very useful for model 
comparison, particularly for teaching 
because you see explicitly what each 
of the parameter t- values is testing. 

 

 4  Difference between including and not including the intercept 

While the default saturated means model does not include an intercept this is not usually a problem as the 
software converts your data to standardised scores (means of zero, SD of one). However this is not the 
same thing as simply removing the intercept term from the regression. This is because it changes the partial 
regression weights and inflates the R squared value.  It is not usually recommended.   

To demonstrate this the plot opposite shows the regression lines for the regression equations with (dashed) 
and without the intercept term (dotted). 

For a more detailed discussion see 
http://stats.stackexchange.com/questions/26176/removal-
of-statistically-significant-intercept-term-increases-r2-in-
linear-mo 

http://stats.stackexchange.com/questions/171240/how-can-
r2-have-two-different-values-for-the-same-regression-
without-an-inte/171250#171250 

 

  

Parameter R linear regression 
(lm) function 
p -value  (t value, 
df=58) 

Onyx:  
diagram   
p -value (from ML) 

Onyx:  
Estimate Summary Window 
Estimate/Std.error & 
p-values from value (df=58) 

Education 0.000291  (-3.866) 0.000165 0.000181    (-4.001) 

Popden 0.0371       (2.135) 0.0302 0.03118       (2.2083) 

Nonwhite 1.7e-08     (6.582) 4.538e-09 6.0475e-09  (6.8125) 

 

p-value Z value 

0.1 1.28 

0.05 1.65 

0.01 2.33 

0.005 2.58 

0.001 3.09 

 

http://stats.stackexchange.com/questions/26176/removal-of-statistically-significant-intercept-term-increases-r2-in-linear-mo
http://stats.stackexchange.com/questions/26176/removal-of-statistically-significant-intercept-term-increases-r2-in-linear-mo
http://stats.stackexchange.com/questions/26176/removal-of-statistically-significant-intercept-term-increases-r2-in-linear-mo
http://stats.stackexchange.com/questions/171240/how-can-r2-have-two-different-values-for-the-same-regression-without-an-inte/171250#171250
http://stats.stackexchange.com/questions/171240/how-can-r2-have-two-different-values-for-the-same-regression-without-an-inte/171250#171250
http://stats.stackexchange.com/questions/171240/how-can-r2-have-two-different-values-for-the-same-regression-without-an-inte/171250#171250
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 5  Using a covariance Matrix in onyx 

Instead of using raw data you can simply supply a covariance Matrix with optionally some additional 
information. 

1) The keyword COVARIANCE, followed by an array of K×K numbers for K variables containing the 
covariance matrix of the observed data each value separated by a comma and optionally white 
space. The covariance can be written fully or in lower left triangular format.  The following sections 
are optional: 

2) The keyword MEAN followed by a single row of K mean values comma and white space seperated. If 
no means are given, means are assumed to be zero. 

3) The keyword SAMPLE SIZE followed by a single integer number can be used to specify the number 
of participants. By default, this value is one in a covariance data set. 

4) The keyword OBSERVED VARIABLES followed by K tab-separated character strings  to specify the 
names of the variables. 

The keywords can appear in any order. As an example the following gives the same results as that of using 
the raw data. 

 
COVARIANCE 
0.7145311, -290.8885, -1.574373, -26.83677 
-290.8884746, 2144699.4381, -166.510339, 23813.64161 
-1.5743729, -166.5103, 79.586881, 357.17436 
-26.8367684, 23813.6416, 357.174356, 3870.38593 
 
MEAN 10.97333,  3866.05,  11.87,  940.38167 
 
SAMPLE SIZE 60 
 
OBSERVED VARIABLES Education  →  Popden  →  Nonwhite  →  Mortality 
 
There are advantages to using a covariance matrix as input when the raw data is a larger dataset. 
 

 6  Displaying Variances – A warning! 

This was taken from one of the online message boards.  
The values displayed by Onyx are all different from those displayed by AMOS. For example, 
the variance of recall1 in AMOS is 5.79 and 110.85 in Onyx. (Excel's VARP function also 
gives a value of 5.79.) Similarly, the covariance between recall1 and recall2 is 2.56 in AMOS 
and 121.2 in Onyx (Excel's COVAR gives 2.56). 
Answer: 
The variance estimates suggest that you haven't modelled the mean structure. 
Onyx 0.9 assumes zero means if you have no explicit mean structure. This is different in 
Onyx 1.0 (now released) , in which we assume a fully saturated means model (i.e. no 
means modelled) as default if no mean triangles are present as this to seems be more 
intuitive. 
 
 
 

Commas and white 
space 

Tab 
character 


