OpenMx: Simpified manual for beginners

Preamble 
This manual was written in response to comments that the existing instruction material for OpenMx assumed too much background knowledge.

Here we assume no background knowledge other than competence in elementary statistics: the reader may be someone who is unfamiliar with the programming language R, with OpenMx's predecessor Mx, with structural equation modelling (SEM) or with behaviour genetics methods.  The aim is to teach you something about all these things by working through example scripts written in R and OpenMx.  The focus is on using OpenMx to run models for twin data, ensuring you understand some fundamentals about how such models work.  
The current version of the manual assumes you will be working on a PC in a Windows-based environment.  It is hoped that experienced users of other platforms will add modifications to the manual to make it more generally useful.  N.B. I have marked in yellow highlighting points where input from others is needed – though suggestions for modifications are welcome for any part of the manual.
Getting started in R 
OpenMx is written in a programming language called R, which is free to download.  R is a powerful language for statistical computing, but much of the documentation is written for experts, and so it can be daunting for beginners.  If you go to the website:

http://www.r-project.org/
You will see instructions for how to download R.  Do not be put off by the instruction to "choose your preferred CRAN mirror": this just means you should select a download site from the list provided that is geographically close to where you are.

You may then be offered further options that you may not fully understand.  Just persevere by selecting the 'windows' option from the "Download and install R" section, and then select 'base', which at last takes you to a page with straightforward download instructions. 
Installation of R should will create a Start Menu item and an icon for R on your desktop. Double clicking on the R icon starts the program.

This opens a window called R console, in which you can type commands.

You will see a > cursor.

This cursor will not be shown in the examples below, but it indicates that the console is awaiting input from you.

At the > cursor, type:

help.start() 

This starts a web-based interface to on-line help. You may want to briefly explore this before going further.  As with other programming languages, you type Enter at the end of each command.
Just to familiarise yourself with the console, type:

    1+2

R evaluates the expression and you see output:

   [1] 3
Now type:

   x = 1+2

Nothing happens.  But the variable x has been assigned,  and if you now type x on the console, you will again see the output 
   [1] 3
In R, the results of variable assignments are not shown automatically, but you can see them at any time by just typing the name of the variable.

The assigned variable x will remain assigned unless you explicitly remove it using the rm command. Type:

   rm(x) 
And then type x again

You now see

  Error: object 'x' not found

You can repeat an earlier command by pressing the up arrow until it reappears.  Use this method to redo the assignment x=1+2, and then type X. Again you get the error message, because R is case-sensitive, and so X and x are different variables.

Now type:

   y = c(1, 3, 6, 7)

and then inspect the variable y.

You will see that it is a vector of numbers [1 3 6 7].  The 'c' in the previous command is not a variable name, but rather denotes the operation of concatenation.  It just instructs R to create a variable consisting of the sequence of material that follows in brackets.

Now type:

   x=

and hit Enter.

The cursor changs to +

This is R telling you that the command is incomplete.  If you now type 1+2 followed by Enter, your regular cursor returns, because the command is completed.
It can happen that you start typing a command and think better of it.  To escape from an incomplete command, and restore the > cursor, just hit Escape.

Also, if a program is running and you want to stop it, you can escape with Ctrl+c.
Now select New Script from the File option on the menu bar. A new window opens titled R editor. This is used to hold a script, i.e. a list of R commands that don't execute until you instruct R to run them. 
If you type in the Editor

  1+2

  3+4

  5+6
and then select Run All from the Edit option on the Menu Bar, the script is executed, and you see the results of the computations.

You can write or edit scripts directly in the Editor, but you may find it easier to use a word processor to do this and then paste the script into the Editor, as this allows for easier editing.
Important: Traditionally, R scripts use <- instead of =.  

So, you will see instances of scripts which have commands such as a <- 1+3.

This is equivalent to a = 1+3.  

It is also possible to have the arrow going the other way , i.e., 1+3 -> a, which means the same thing.

Both methods for denoting an assignment are used in this manual, so you become familiar with interchanging them.

Commenting: A good script will contain many lines preceded by #

This indicates that the line is a comment – it does not contain commands to be executed, but provides explanation of how the script works.  The demonstration scripts in this manual are heavily commented so that you can understand how they work.

Before you start running the scripts in this manual, create a project directory that will contain all of your scripts, data, and workspace for a project.  Then go to the menu and select File/Change dir, and navigate to your new directory.  This means that all your work will be saved in one place.

As you work through this manual you will become more familiar with R, but it is likely that you will also want to extend your knowledge beyond the very basic details given here.
There is a good introductory manual that can be downloaded from the web-page that you saw when you typed help.start().

In addition, the following books are recommended:

to add
Generating simulated data in R
As a first exercise in running a script in R, we shall generate a simulated set of data for two variables, look at some basic statistics for the variables, plot them, and save the data. We will be using the data for more interesting purposes later on, but for the time being, the aim is to familiarise you with some key R commands.  In addition, it is very useful to know how to simulate datasets with specific characteristics, as these can be used to check how various analyses work. Copy this script into the R editor.  
Note that the first executable command (after comments) uses the 'require' statement.  R has a great many functions, some of which are available from the main package; others are more specialised and so are not automatically available, but can be accessed by specifying the relevant package using the 'require' statement.  When we come to use OpenMx, we will always need to start a script with require(OpenMx), in order to access the specialised functions of OpenMx.
You should now try to run the script, inspect the output, and check that you can understand it.  It can be a useful exercise to work through the script, running one line at a time, so you can work out what each line does.  Note that you can run just part of a script by selecting that part and typing Ctrl+r
You should then try modifying the script to see what effect this has.  Experimenting with a script is one of the best ways of learning how it works.
#-------------------------------------------------------------------------------------------------------
# Modified version of 'generate correlated data' script (p 11 of OpenMx manual 
#-------------------------------------------------------------------------------------------------------

# author: DVM Bishop, 3rd March 2010
# Simulates data on X and Y from 50 cases, with correlation of .5 between them

# (NB using smaller N than in original example, so user can see mismatch between obtained correlation and that specified by user).
require(MASS)        # MASS is a R package that you need for generating multivariate normal data

set.seed(2)             # A seed is a value used in creating random numbers; 

                               # You don't need to understand how it works

                               # Keep the seed the same if you want the same random numbers every time you run

                               # Change the seed to any other number to run the script and get different random numbers

rs=.5                                 # User-specific correlation between variables

mydata=mvrnorm(50,       # Create a matrix of multivariate random normal deviates, called mydata, and specify number of XY pairs to generate

   c(0,0),                            # User-specified mean values for X and Y ; NB c denote concatenation in R
   matrix(c(1,rs,rs,1),2,2))  # Covariance matrix to be simulated, 2 rows, 2 columns

                              # [1 .5

                              # .5  1]

mylabels=c('X','Y')                  # Put labels for the two variables in a vector

dimnames(mydata)=list(NULL,mylabels) # Allocate the labels to mydata (our created dataset)

                                     # Just accept that NULL is needed here: too complicated to explain

summary(mydata)                      # Print means for mydata

print('Covariances')

cov(mydata)                          # Print covariance for mydata

print('Correlations')

cor(mydata)                          # Print correlation for mydata

print('Note that actual values may differ from specified value of .5, especially with small sample size')

print('SDs')

sd(mydata)                           # Print SD for mydata

print('Note that the correlation = covariance/(SD_X * SD_Y)')

plot(mydata)                         # Plots a scatterplot of X vs Y

write.table(mydata,"myfile")         # Saves a copy of mydata in your R directory

# If you want to re-read your data another time, you can use a command such as

# newdata=read.table("myfile"); this will create a matrix called newdata containing the data
You will see that the program allows you to save your simulated data; you should be able to find the data file in the working directory that you set up earlier.
A useful feature of R is the edit command:


edit(mydata)

This opens your data in a window and allows you to edit values.  If you want to save the updated values, you need to redo the write.table command.
Note that the program encourages you to inspect the correlation and covariance matrices for  X and Y.  Most of the analyses in OpenMx  are concerned with relationships between variables as expressed in covariances, rather than with absolute values (as, e.g. reflected in the means). You may be more familiar with correlations than covariances.  It is important that you understand how one is derived from the other, as explained in the script comments above. In essence, the correlation and covariance express the same information, but the correlation is scaled relative to the standard deviations of the variables, so that its values lie on a range between -1 and 1.  The covariance is scaled in the original units. This is just like the variance, which is closely related: the variance is equivalent to the covariance of a variable with itself.
Matrix operations in R

 A matrix is a two-way array of numbers. Most computations in OpenMx are done on matrices, which allow complex computations on data arrays to be done in a very efficient manner.

In the previous script you generated two kinds of matrices. The first was 'mydata', the matrix of values for X and Y.  The main way you will use such matrices in OpenMx is to import raw data for analysis, which are then used to extra summary statistics.  You have already encountered the commands summary, cov, cor, and sd, which provide basic statistics for  a data array.  The main additional thing you need to know how to do is to select a subset of data from a data matrix.

Let us first generate a matrix of random numbers.  The rnorm function generates random numbers, so type:


myarray=rnorm(200)

This just produces a long list of numbers in a vector, whereas we want a table of numbers, so we have to change the dimensionality of myarray, using the attr command, as follows:
          attr(myarray,"dim")=c(40,5)

This generates an array with 40 rows and 5 columns, as you can confirm if you either type 'myarray' or use the edit command to inspect the data.

We now want to make a new variable, myarray2, which just has columns 2 and 3 from the original array:

   myarray2=c(myarray[,2:3])                  # Select all rows, cols 2-3 for variable y

   attr(myarray2,"dim")=c(40,2)               # Format to have 40 rows and 2 columns

Two points to note.  First, the process of selecting from the array loses the formatting into dimensions, so we again need to specify the dimension of the new array, using the attr command. Second, when selecting from myarray, we could have used c(myarray(1:40,2:3), to specify that we wanted all 40 rows and columns 2-3.  However, since we wanted all the rows, we just left the row specification blank, which tells R to take the whole row dimension.  You should experiment with selecting from myarray in other ways, .e.g. selecting rows 10-20.

I suspect there are more elegant ways of doing this.  Also, please advise on selecting non-adjacent columns.
The bulk of the computational work on matrices in R will be done on covariance matrices.  We shall illustrate the different operations on a simple 3 x 3 matrix, which you enter as follows:
          mymat = matrix(c(1, 1, 2, 3, 1, 2, 4, 3, 1), nrow=3)

Check the output and you will see that the vector of numbers is converted to a 3 x 3 matrix by the use of the matrix command, with nrow specified as 3.  But is there something surprising about the result?  You might have expected the values to be entered into the matrix one row at a time, whereas you will see they are entered by columns.   You can change this by giving a specific instruction when setting up the matrix.  Compare mymat with mymat2:
mymat2= matrix(c(1, 1, 2, 3, 1, 2, 4, 3, 1), nrow, byrow=TRUE)
Individual elements can be extracted from a matrix mymat by specifying mymat[i,j],

which extracts the element in the ith row and jth column.
Transpose:  A matrix is transposed by exchanging rows and columns. In our example, mymat2 is a transpose of mymat.  In common parlance, the transpose of matrix X is written as X'.
The transpose operation is performed in R with the command t().

Try:


t(mymat)

If you start with a 2 x 3 matrix, its transpose with have 3 rows and 2 columns.

Matrix addition and subtraction: these are straightforward, and done element-by-element on two matrices of the same dimensionality.  Try, for instance, mymat+mymat2
Matrix multiplication. This is not so simple.  You may think it is, because if you type mymat * mymat2, you  will get an answer analogous to addition, with each element of the first matrix multiplied by its corresponding element in the second matrix.  However, this is NOT true matrix multiplication.   The operator for matrix multiplication involves three characters, as in this example:


mymat%*%mymat2

The explanation below borrows heavily from an account of matrix multiplication on the website: http://www.purplemath.com/modules/mtrxmult.htm

Let us first define two matrices, A and B, as below.  You should by now be able to work out how to create these matrices in R. 

A=  [ 1 0 -2 

          0 3 -1]

B = [  0   3

         -2 -1

          0  4]

To multiply the two matrices, multiply the ROWS of A by the COLUMNS of B. First take the first row of A and the first column of B, and multiply the first entries, then the second entries, and then the third entries, and then add the three products. The sum is one entry in the product matrix AB; in fact, being the product of row 1 and column 1, the result is the 1,1-entry of AB. Then continue in like manner. For instance, the sum of the products from row 2 of A and column 1 of B is the 2,1-entry of AB.
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The final answer is:
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Matrix multiplication can seem counter-intuitive, but it relates to real-world problems. 

For instance,  suppose a saleman makes the following sales:

Monday: 3 T-shirts at $10 each, 4 hats at $15 each, and 1 pair of shorts at $20. 
Tuesday: 4 T-shirts at $10 each, 2 hats at $15 each, and 3 pairs of shorts at $20.
If we put the cost of each item in mycosts  = [ 10 15 20]

And the quantities sold in my mysales = [3 4

                                                                          4 2

                                                                           1 3]

Then the total income for Mon and Tue can be computed by mycosts%*%mysales  = [110 130]

This example is taken from a useful resource for learning about matrix algebra:

http://www.zweigmedia.com/RealWorld/tutorialsf1/frames3_2.html
Matrix inversion.  Matrix inversion is the matrix equivalent of 1/X, or taking X-1 and is conventionally written as X~.    The meaning is as for X-1 with a single digit, i.e. 
X * X-1 = 1, except that for a matrix, the result is the identity matrix, I, which is a matrix with zero entries except for ones on the diagonal.

The inverse of a matrix is found in R using 'solve', for example, if


X = [ 3 1 5

                       2 0 1

                       9 2 7]

Then 

solve(X) = [-0.2222222  0.3333333  0.1111111

                   -0.5555556 -2.6666667  0.7777778

                     0.4444444  0.3333333 -0.2222222]

Now multiply X by solve(X) to confirm that this leads to a 3 x 3 identity matrix. You will find that the off-diagonal values have very small but real values, rather than zero.  This is due to rounding errors.

Eigenvalues and eigenvectors.  The command
    eigen(X)

gives two matrices as output.

The first is the eigenvalues. For X as defined above, these are:

[12.3300698 -1.9571103 -0.3729595]

The second matrix has the same dimensionality as X and has eigenvectors:

 [ -0.4794238 -0.6904042  0.1286079

   -0.1479209  0.3962907 -0.9855369

   -0.8650273  0.6052238  0.1103495]

A reasonably clear explanation of the meaning of eigenvalue and eigenvector comes from Andy Field's textbook, Discovering Statistics in SPSS, 2nd edition, on which the following description is based.
Start by considering the two-dimensional case.  If we have two variables in a bivariate normal distribution, as shown in Figure 1, then their distribution forms an ellipse.


[image: image3]
If we draw lines to measure the height and length of the the ellipse encompassing the distribution, these correspond to eigenvectors; i.e. they are orthogonal lines of a given direction.  Each eigenvector has an eigenvalue that indicates its length.  We can visualise scaling up to three dimensions, in which case the distribution would have the shape of a rugby ball that could be described by three orthogonal vectors. The ratio of the largest to smallest eigenvalue tells us something about dependencies between variables: returning to the 2D example above, if X and Y were uncorrelated, then the scatterplot would have a circular form, with the two eigenvalues of equivalent size;  on the other hand, if they were so strongly correlated that all the points fell on a single line, then there would be one very large eigenvalue, corresponding to the length of the distribution, whereas the height would be of negligible size.
Would be good to have more here relating this to how eigenvalues will feature in OpenMx?

an appendix similar to that in Mx Manual, with exercises for doing matrix operations, would be useful?
Likelihood estimation and optimization

We noticed when generating the multivariate dataset, mydata, that although the mvrnorm command allows us to specify the correlation between the simulated variables, the actual correlation observed might depart from this value, especially when the sample size is small. You will also be familiar with the idea of a 'nonsignificant' yet positive correlation.  For instance, if in a sample of 20 cases, you obtain a correlation of .2, this is not statistically significant, which is to say that it is not reliably different from zero.  These observations illustrate the point that any observed statistic is an estimate of a parameter which is never quite precise – the degree of precision will depend in part on the sample size.   Rather than just specifying whether a correlation is significant or not, it is possible to adopt a different approach of estimating the likelihood that the observed value comes from a population that has a given true value.   This point will be illustrated using a script that will also introduce us to OpenMx.  The powerful features of OpenMx are not really used here, and the example could easily be demonstrated using conventional R routines. Nevertheless, it is useful to illustrate the structure of OpenMx routines.
This script does not work – help needed . Aim: to have a script that cycles through values of expected r, and provides log likelihoods for these in relation to the earlier simulated mydata. These can then be plotted.  Although mycor does update outside the function, it is not updating within the "biv corr" model.
Also, if AIC and BIC can be accessed (not sure how), then could also give an explanation of their meaning and show how they vary as well.

Also would then encourage the user to rerun the script with a larger simulated sample size.
#-----------------------------------------------------------------------------------

 # Modified version of 1.2.2 Optimization Script for real beginners

 #---------------------------------------------------------------------------------

require(OpenMx)           # This step needed because we are going to use OpenMx routines

bivCorModel=mxModel("Biv corr",          #Name given by user to the model

#----------------------------------------------------------------------------------    

#create a matrix called expMean with values [0 0 corresponding to expected means

#----------------------------------------------------------------------------------

               mxMatrix(type="Full",     # for a Full matrix, all cells are filled

                        nrow=1,ncol=2,

                        free=TRUE,       # if free=TRUE, then values are estimated, rather than fixed at start values

                        values=c(0,0),   # starting values for matrix

                        name="expMean"), #create a matrix called expMean with values [0 0]

                                         #corresponding to expected means

#--------------------------------------------------------------------------------------------------    

#create a 2 x 2 matrix called expCov with values [1 mycor mycor 1] corresponding to expected covariances

#--------------------------------------------------------------------------------------------------

               mxMatrix(type="Full",nrow=2,ncol=2,free=FALSE,values=c(1, mycor,mycor,1),name="temp"),

               mxAlgebra(expression=temp, name="expCov"),  # here just reassign temp to expCov

               mxData(observed=mydata,

                     type="raw"),                                    # use the raw data created in our simulation

               mxFIMLObjective(                                      # Function used to obtain likelihood of data

                   covariance="expCov",                              # FIML stands for full information maximum likelihood

                   means="expMean",                                  # FIML needs to be told which values to use for covariance and means

                   dimnames=mylabels)

)

#------------------------------------------------------------------------------------------------

#        End of model specification section; this just sets up the model, it does not run it

#------------------------------------------------------------------------------------------------

myLL=matrix(0,nrow=9,ncol=4)  # set up a matrix with 10 rows to hold LL values

for (myx in c(0:9))

{

   assign("mycor",myx/10)

   myLL[myx,1]=mycor

   bivCorFit=mxRun(bivCorModel)                         # Output of running the model is written to bivCovFit                 

   EM = bivCorFit[['expMean']]@values               

   EC = bivCorFit[['expCov']]

   myLL[myx,2] = mxEval(objective,bivCorFit);      #Log likelihood

   summary(bivCorFit)

}

print(myLL)
More explanation here, once script is fixed.
The twin model-fitting procedures implemented in OpenMx compute likelihoods, but the models that they fit are far more complex, so that it is necessary to optimise the fit for several parameters, rather than just a single correlation.   They work iteratively, by taking free parameters of the model and allocating values, and computing the likelihood of the model in relation to the data, repeating this process until the overall likelihood of the fit is optimised.
A simple model to demonstrate optimisation is given in the next script. As you will see, this is closely similar to the previous script, except that the matrix that contains expected covariances is now Free rather than Fixed. In other words, the script achieves the simple goal of estimating the covariance between variables by an iterative process. This, of course, is a trivial thing to do, but it gives insight into the process of optimisation. 

 A further point is that if you allow this kind of matrix to have different values estimated for it, there is a danger that the resulting matrix will not be suitable for the matrix operations that are used in estimating likelihood.  In formal terms, it is not 'positive definite'.  This can be avoided if, instead of estimating the expected covariance matrix directly, we estimate a lower triangular matrix, which, when multiplied its transpose, yields the matrix of expected covariances. This is known as a Cholesky decomposition.
bivCorModel <- mxModel("bivCor",

mxMatrix( type="Full", nrow=1, ncol=2, free=TRUE, values=c(0,0), name="expMean" ),

mxMatrix( type="Lower", nrow=2, ncol=2, free=TRUE, values=.5, name="Chol" ),

mxAlgebra( expression=Chol %*% t(Chol), name="expCov", ),

mxData( observed=mydata, type="raw" ),

mxFIMLObjective( covariance="expCov", means="expMean", dimnames=mylabels) )

bivCorFit <- mxRun(bivCorModel)
EM <- bivCorFit[[’expMean’]]@values

EC <- bivCorFit[[’expCov’]]@values

LL <- mxEval(objective,bivCorFit);
SECTIONS TO BE DONE

5. Introduction to SEM using RAM path method - to be done
Could be based on material on p 4, but with more explanation (based on excellent account in Mx manual), and I think better to have example where one-factor vs two-factor models are compared, and user encouraged to modify data to see how this affects likelihood estimation.

6. Introduction to SEM approach to analysis of twin data: univariate ACE model. - to be done
Should be able to use material from Neale et al book/Mx manual here. Also worth looking at good didactic material on Shaun Purcell's website. Include path tracing rules to explain how formulae arrived at. 

7. Run ACE model in OpenMx - to be done
Include how to read in data that start in SPSS or xls format. Plot scatterplots for MZ and DZ pairs.
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