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DISCLAIMER

Be extremely careful when using this program for serious statistical analysis. Before accepting model
results, please familiarize yourself with common problems in Bayesian statistics, namely-- the general
problem of developing appropriate posteriors, assumptions regarding the distribution of the data (in this
case Gaussian and Beta distributions), and the blessings and curses of prior specification. This manual
only concerns the functionality of MixSIR .



INTRODUCTION

MixSIR is a graphical user interface (GUI) program built on the MATLAB platform that carries out
Bayesian analysis of stable isotope mixing models using sampling-importance-resampling (SIR). A
Bayesian approach to stable isotope mixing models is advantageous because it allows one to: 1)
explicitly account for uncertainty in isotope values when estimating the contribution of sources to an
isotope mixture, 2) characterize uncertainty in the estimates of source contributions based on
underlying uncertainty in the mixture and source isotope values, as well as uncertainty due to ‘source
overparameterization’ (i.e.- too many sources to allow a unique solution), and 3) include prior
knowledge in the analysis. Because the program is based on the MATLAB platform, the MATLAB run-
time library files must be installed on the machine you intend to run the program on. The MATLAB run-
time library is freely distributed by Mathworks and is included as an executable with the MixSIR program
distribution zip file. We have chosen to implement MixSIR in this way so that the underlying MATLAB
code can be scrutinized and improved upon by others. Along these lines, the existing MATLAB code is
not fully vectorized (i.e.- not implemented to maximize speed) in order to make the code more
transparent.

This manual briefly describes the theory behind MixSIR, the analytic techniques upon which MixSIR is
built, and how to use the model for data analysis. At the end of this manual we have provided a ‘Quick
Start’ guide, but we (again) caution that failing to grasp the theory behind the model before carrying out
and reporting on analyses is hazardous. For a more thorough discussion of the model please see Moore
and Semmens 2007 (citation given on the first page of this manual). This manual does not address the
theory and science underlying stable isotope mixing models.



INSTALLATION

All the files needed to install and run the MixSIR program can be downloaded as a ‘.zip’ file from
http://www.mixSIR.org. The archive MixSIR.zip (XX MB) contains the executable file MixSIR.exe, MixSIR
support files, example data files, this user guide, and the MATLAB run-time library file mcrinstaller.exe.
The self-extracting archive mcrinstaller.exe contains MATLAB run-time libraries and is not required for
platforms that already have a MATLAB R2006b installation. In theory this program will run on PCs, Unix,
and Mac platforms, although it has only been tested on the PC platform to date.

PC Windows installations without MATLAB (R2006b)

Download MixSIR.zip and extract from this zip file to a suitable directory, e.g. C:/mixSIR. Double click on
mcrinstaller.exe to install the MATLAB run-time library files, and follow the installation instructions.
NOTE THAT YOU MUST HAVE ADMINISTRATIVE PRIVILAGES in order for mcrinstaller.exe to execute
properly. The mcrinstaller.exe automatically:

Copies the necessary files to the target directory you specified.
Registers the components as needed.

3. Updates the system path to point to the MCR binary directory, which is
<target_directory>/<version>/runtime/bin/win32.

When the installation completes, click Close on the Installation Completed dialog box to exit. You can
now double-click on the MixSIR.exe file within the directory you have just created in order to run the
program. Please note that the program can take a considerable amount of time to start up, depending
on the performance of the computer you are using.

Unix/Linux/Mac installations without MATLAB (R2006b)

Download MixSIR.zip and extract from this zip file to a new directory. This new directory will become the
installation directory for your library or application. To install the MCR, unzip MCRInstaller.zip. Set the
path environment variables properly (see below). Execute mixSIR.exe.

UNIX Paths for Runtime Deployment

Note that for readability, the following commands appear on separate lines, but you must enter each
setenv command on one line.


http://www.mixsir.org/

Linux

setenv LD_LIBRARY_PATH

mcr_root/version/runtime/glnx86:

mcr_root/version/sys/os/gInx86:
mcr_root/version/sys/java/jre/ginx86/jre1.5.0/lib/i386/native_threads:
mcr_root/version/sys/java/jre/ginx86/jre1.5.0/lib/i386/server:
mcr_root/version/sys/java/jre/glnx86/jre1.5.0/lib/i386:

setenv XAPPLRESDIR mcr_root/version/X11/app-defaults

Solaris64

setenv LD_LIBRARY_PATH

Jusr/lib/lwp:

mcr_root/version/runtime/sol64:

mcr_root/version/sys/os/sol64:
mcr_root/version/sys/java/jre/sol64/jre1.5.0/lib/sparcv9/native_threads:
mcr_root/version/sys/java/jre/sol64/jre1.5.0/lib/sparcv9/server:
mcr_root/version/sys/java/jre/sol64/jre1.5.0/lib/sparcv9/client:
mcr_root/version/sys/java/jre/sol64/jrel1.5.0/lib/sparcv9:

setenv XAPPLRESDIR mcr_root/version/X11/app-defaults

Linux x86-64

setenv LD_LIBRARY_PATH

mcr_root/version/runtime/glnxa64:

mcr_root/version/sys/os/glnxa64:
mcr_root/version/sys/java/jre/glnxa64/jrel.5.0/lib/amd64/native_threads:
mcr_root/version/sys/java/jre/glnxa64/jre1.5.0/lib/amd64/server:
mcr_root/version/sys/java/jre/glnxa64/jrel.5.0/lib/amd64:

setenv XAPPLRESDIR mcr_root/version/X11/app-defaults

Mac OS X

setenv DYLD_LIBRARY_PATH
mcr_root/version/runtime/mac:
mcr_root/version/sys/os/mac:

mcr_root/version/bin/mac:
/System/Library/Frameworks/JavaVM.framework/JavaVM:
/System/Library/Frameworks/JavaVM.framework/Libraries
setenv XAPPLRESDIR mcr_root/version/X11/app-defaults

Intel Mac (Maci)



setenv DYLD_LIBRARY_PATH
mcr_root/version/runtime/maci:
mcr_root/version/sys/os/maci:
mcr_root/version/bin/maci:
/System/Library/Frameworks/JavaVM.framework/JavaVM:
/System/Library/Frameworks/JavaVM.framework/Libraries
setenv XAPPLRESDIR mcr_root/version/X11/app-defaults

PC Windows/Unix/Linux installations with MATLAB (R2006b)

Download MixSIR.zip and extract from this zip file to a suitable directory, e.g. C:/mixSIR. Execute
MixSIR.exe to run the program.



QUICK START:

1)

2)

Develop the data files outlined in the ‘GETTING STARTED’ section below. We recommend that
you edit the existing files, as this will help you follow the correct format. You can easily open,
edit and save tab delimited files with a spreadsheet program like Microsoft Excel or in a simple
text editor such as Wordpad.

If you wish to use informative priors, edit the appropriate prior text file (described above) in the
same manner.

Specify the number of model iterations. We strongly suggest that you use at least 1,000,000
iterations. In many cases 10,000,000 or more interations will be required to assure proper
model function. More iterations are ALWAYS better. However, you may want to start with
10,000 iterations to get a feel for the speed of the program on your computer.

Specify whether you wish the products of the model run to be output to text files using the
check box just above the iterations text box.

Click ‘Giddyup’, and enjoy the randomly colored progress bar.

Once the model runs are complete, a results and diagnostics window will appear, and results are
graphed.



GETTING STARTED

Before you can use the MixSIR program, you will need to generate a series of tab-delimited data files
that are specific to your mixing model. These data files must be named exactly as outlined, and placed in
the same directory as MixSIR.exe. We have found that users make the fewest mistakes when they edit
the existing data files rather than making new ones. In the following section we provide a worked
example of how to generate the data files. The required files are as follows:

Mix_data.txt — This file contains the isotope data for the mix. Each isotope is a separate column, and
each row is a mix from a sample. For instance, if your are interested in determining the contribution of
prey items to a predator mixture, each row of this file would give individual predator isotope values.

mean_source.txt— This file contains a matrix of mean isotope values (columns) for each of the sources
(rows) used in the mixing model. The order of the isotope values and sources must be consistent across
data files.

SD_source.txt— This file contains a matrix of the standard deviation of isotope values (columns) for
each of the sources (rows) used in the mixing model. The order of the isotope values and sources must
be consistent across data files.

mean_frac.txt— This file contains a matrix of mean isotope fractionation values (columns) for each of
the sources (rows) used in the mixing model. The order of the isotope values must be consistent across
data files. In most cases isotope-specific fractionation will be the same across sources, and thus all
values in a given column are identical.

SD_frac.txt— This file contains a matrix of isotope fractionation standard deviation values (columns) for
each of the sources (rows) used in the mixing model. The order of the isotope values must be consistent
across data files. In most cases isotope-specific fractionation will be the same across sources, and thus
all values in a given column are identical.

define.txt — (OPTIONAL- only necessary if you wish to specify informative priors) This file contains the A
and B values (columns) each source (rows) . These mean values define the prior belief regarding the
contribution of each source using the beta distribution — Beta(A,B).

devine.txt— (OPTIONAL- only necessary if you wish to use prior data to specify informative priors). This
file contains a list of proportional contributions of each source to a mix. The number of columns is equal
to the number of sources. The format of this file is identical to the output file contrib_out.txt that the
model generates. This was done intentionally so that the products of previous model runs can be
directly fed into current model runs as prior information. The source order must be consistent across
data files.



GENERATING DATA FILES- An Example

In this example, we wish to use isotope data estimate the proportional contribution of prey items to the
diet of a predator (rainbow trout). We make the assumption that isotopic fractionation is identical
across prey items. The data we have are as follows:

Type Sample Taxa 15N 13C

predator individual rainbow trout 10.78 -25.53
predator individual rainbow trout 12.99 -21.56
predator individual rainbow trout 13.76 -20.33
predator individual rainbow trout 12.86 -20.39
predator individual rainbow trout 12.67 -21.63
predator individual rainbow trout 12.69 -20.92
predator individual rainbow trout 11.96 -22.55
predator individual rainbow trout 11.22 -22.97
prey average benthic invert 3.34 -19.67
prey average salmon egg 11.63 -22.99
prey average sculpin 8.31 -23.44
prey average shrew 5.88 -23.87
prey average terrestrial invert 6.71 -26.69
prey SD benthic invert 0.78 2.45
prey SD salmon egg 0.46 0.91
prey SD sculpin 1.09 2.89
prey SD shrew 1.05 1.11
prey SD terrestrial invert 2.44 1.84
fractionation average 3.30 0.50
fractionation SD 0.26 0.13

The ‘mix_data.txt’ file would contain:

10.78 -25.53
12.99 -21.56
13.76 -20.33
12.86 -20.39
12.67 -21.63
12.69 -20.92
11.96 -22.55
11.22 -22.97

The ‘mean_source.txt’ file would contain:

3.34 -19.67
11.63 -22.99
8.31 -23.44
5.88 -23.87

6.71 -26.69



The ‘SD_sources.txt’ file would contain:

0.78 2.45
0.46 0.91
1.09 2.89
1.05 1.11
2.44 1.84

The ‘mean_frac.txt’ file would contain:

3.30 0.50
3.30 0.50
3.30 0.50
3.30 0.50
3.30 0.50

The ‘SD_frac.txt’ file would contain:

0.26 0.13
0.26 0.13
0.26 0.13
0.26 0.13

0.26 0.13



Runing MixSIR

After installation, executing the MixSIR.exe file will open up the MixSIR GUI. You will immediately note
that there are only a few user-customizable features on the GUI. Specifically, the user can specify
whether or not to use priors, the number of samples to be performed, and whether or not you would
like the program to output model results in the form of text files. Except for the user input boxes on the
GUI, all the other user-specified information required in order to run the program are designated in the
text files outlined above (see ‘Getting Started’ above).



MODEL FUNCTION

We have implemented the Hilborn (after Professor Ray Hilborn) SIR method. The key difference
between the Hilborn method and the McAllister (1994) method is that the Hilborn method establishes a
threshold acceptance value for resampling; the McAllister approach entails keeping all initial samples
along with their likelihoods, and then resampling with a probability proportion to the sample likelihood.
Given sufficiently large model runs, the two methods converge. We have chosen to use the Hilborn
method because it is programmatically intuitive, and because it does not require all initial samples to be
stored (advantageous for large model runs). The method works as follows:

1. Use 10% of the iterations specified by the user to ‘burn in” a threshold T:

a. For each ‘burn in’ iteration, choose a value of each contribution parameter from prior
distribution (e.g. for a 3 source model, a contribution parameter draw might be 0.1, 0.1, 0.8.
These parameter draws ALWAYS sum to 1.0).

b. Calculate likelihood (L) of the parameter draw based on prior information and data. ** (see
below for a description).

c. If Lis greater than the current T, then T=L.

2. Use all iterations specified by the user to develop samples and simultaneously resample based on T

a. For each iteration, randomly choose a value for each contribution parameter

b. Calculate likelihood (L) of the parameter draw given prior information and data ** (see below
for a description).

¢. Add likelihood to cumulative likelihood C=C+L.

d. If cumulative likelihood exceeds T then save the parameter values for that iteration in list of
resamples and re-set cumulative C=C-T.

“How is the likelihood for each draw calcul ated?”

Suppose we are trying to estimate the contribution of i sources to a mixture of j isotopes. For each
iteration, the model generates a vector p composed of contributions p; such that:

zn:(l?i) =1
i=1

First, the likelihood of p given prior information is calculated as follows:

n
p.ai_l * (1 — p.)ﬁi_l
[ [y =2 ‘
i=1

B(a, B)

Next, the proposed proportional contributions are combined with both the source isotope distributions
and their associated fractionation distributions in order to develop resultant proposed isotope



distributions for the mixture. The likelihood of this distribution given the mix data is then determined by
calculating the product of the likelihoods of each individual mix isotope value given the proposed mix
distribution specific to that isotope. The proposed isotope distributions for the mixture are determined
by solving for the proposed means 7; and standard deviations §; of the mix based on the randomly

drawn vector p:

n n
m; = Z(mij *p) + Z(mfij *D;)
i=1 i=1

n n
6; = Z(Uijz *pi?) + Z(Ufijz *p;?)
i=1 i=1

Where m;; is the mean of the jth isotope of the i™ source, mf;; is the mean fractionation of thejth
isotope of the /" source, o;;? is the variance of the /" isotope of the i"" source, and af;; is the variance in
fractionation of the thejth isotope of the i™ source. Once the proposed 1;’s and §;’s are determined, the
likelihood of the data given the proposed mixture is calculated as follows:

where x; ; represents the jth isotope of the kth mix in the data file. Finally, the likelihood of p given
prior information is multiplied by the likelihood of p given the mix data in order to calculate the total
joint posterior likelihood of p given priors and data.

“Why SIR and not Markov Chain Monte Carlo (MCMC) methods? “

The SIR algorithm is well suited to models having relatively few parameters with well defined intervals.
Since the only parameters in the model are proportional contributions of each source, models will rarely
have more than 5-10 parameters to evaluate. Additionally, since these parameters are proportions they
are bounded in the interval 0-1. Finally, because the bounded proportions must all sum to 1, the
parameter values have cross dependencies that make are Given these constraints, a SIR algorithm is a
simple and effective method for developing uniform draws across the proportional parameter space (in
essence, an unbiased importance function for drawing proposals representing the proportional
contribution of sources).

Limitations to SIR

Because the SIR algorithm we have implemented draws proposals uniformly over proportional
parameter space, it is at heart a ‘brute force’ method of Bayesian analysis. That said, the more
iterations you carry out, the more accurate the posterior (model output) will be. For best results MAKE



MODEL RUNS AS LONG AS YOU CAN AFFORD. A good rule of thumb is that the model run size you
choose should produce 1,000 or more posterior draws. The actual number of iterations required (and
thus the amount of time required) to generate these posterior draws will depend on the variance
estimates and the extent to which the isotope mixture precludes the contribution sources included in
the model. If, for instance, you specify source isotope values with very little or no variance, then very
few of the random draws representing proportional contributions will be resampled because most
draws will have very low likelihoods (note that as the variance in insotope values approaches 0, the
results of MixSIR will converge to those of mixing models that rely on algebraic solutions). Similarly, the
inclusion of implausible sources based on the isotope mixture and fractionation will lower the
resampling rate because the model will coincidentally sample implausible (~0 likelihood) parameter

space.
Establishing an appropriate threshold (T) is crucial to model function. The more interations the model
uses to develop a T value, the close this value will be to the true maximum likelihood of the posterior
given priors and data. If too few iterations are use, the ‘threshold burn in” may yield a small T, and this
in turn may cause the SIR algorithm to resample a single p with high likelihood tens or even thousands
of times. For this reason, the number of duplicate p in the posterior draws is given as a diagnostic in
‘Model Results and Diagnostics” windows that pops up upon the completion of a model run.

Establishing Beta Priors

Prior information regarding the contribution of sources to the mixture are specificed by defining the two
non-negative shape parameters a;, §3; of Beta distributions for each of the values in vector p (proposed
proportional contributions for each source). The Beta distribution models events which are constrained
to take place within an interval defined by a minimum value of 0 and maximum of 1. The distribution
can take many forms (figure 1), and is thus a highly flexible method for characterizing prior beliefs about

the contribution of sources to the mix.
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Figure 1. Different permutations of the
Beta distribution based on the shape
parameters a;, ;. (graph from Wikipedia)




Uninformative priors

When both a and B are set to 1, the Beta probability density function (PDF) is uniform over the interval 0
to 1, and thus defines a perfectly uninformative prior for the contribution of a source to the mix. When
you select the ‘uniformative’ radio button in the priors section of the MixSIR GUI, the model specifies
Beta(1,1) for priors on all source contributions (elements of p).

Informative Priors

If you wish to specify informative priors by defining a Beta distribution for some or all of the source
contributions, you must generate a text file with @;’s and f;’s (columns) where each row defines the
prior belief of source i based on the distribution Beta(«;, 5;). Note that you can specify informative
priors for some or all of the sources used in your model; those sources for which you have no prior
information should be given Beta(1,1). Upon selecting the radio button specifying ‘Define Priors’, MixSIR
will check for the presence of this file, and then load these priors into memory for the model run.



MODEL RESULTS

GRAPHS

This graph depicts the distribution of posterior likelihoods relativized to the single largest posterior
likelihood draw from the model run. If the Hilborn importance function places too little weight in the
tails of the posterior distribution, it may be inefficient in approximating the posterior distribution. Thus,
if the distribution in the graph is highly right skewed (the vast majority of the posterior draws are at or
very near the ‘best’ draw based on the posterior likelihoods) , the Hilborn method may be poorly suited
to approximate the posterior distribution.
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