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Chapter 10

Metabolic Analysis

The metabolic analysis package is designed to analyze Fids of a known type where one relates the
resonance intensities to some metabolic parameters. For example, in the glutamate package we
have a number of metabolic parameters that relate the rates at which carbon enters the metabolic
cycles to the intensities of the various carbon resonances. The program, Bayes Metabolite, infers
these metabolic parameters using a metabolic model to calculate the intensities of the metabolic
resonances. The program takes as its input a nonarrayed Fid and a series of files that describe the
metabolite and the nuisance resonances. A metabolite is the set of resonances who’s intensities are
predicted by the metabolic model. The nuisance resonances are all the other resonances in the data.
Metabolites are described in a file having an “.ISO” suffix, and nuisance resonances are described
in files suffixed with “.Res”. For example, the example metabolite file is named “Example.ISO”
while the example nuisance resonance file is named “Example.Res”. The file format is the same
for both metabolites and nuisance resonances. However, nuisance resonances use only the part of
the file that describes the resonances, those parts of the file describing the metabolites are ignored.
Consequently, a metabolic file may be used as a nuisance resonance file, but a nuisance resonance file
may not be as used as a metabolite file. The metabolite files identify the subroutine that processes
the metabolite, they describe the metabolic parameters, the coupling constants, and the resonances.
Here, by describe we mean, these files specify the names of the parameters, their valid ranges, and
the prior probability to be used for each parameter.

Using the Bayes Metabolite package involves several steps: First, the Fid must be loaded. Second,
one must specify the model by loading the metabolite models and the nuisance resonance model.
Third, the spectrum must be properly referenced so that all of the resonances in the model overlap the
peaks in the spectrum of the Fid. Fourth, the metabolic parameters and the resonance frequencies
must be reviewed to make sure that everything is correct. Finally, one runs the analysis and views
the results using the standard widgets. We discuss each of these steps in more detail in the following
paragraphs.

Select the Metabolite package from the Package menu.

Load the Fid to be analyzed using the Files menu. The loaded Fid will be displayed in the Fid
Data Viewer.

Load the Metabolite file using the “Metabolite System” or the “Metabolite User” see Fig. 10.1.

219



220 THE PACKAGES

Figure 10.1: The Bayes Metabolite Interface

Figure 10.1: The Bayes Metabolite package is used to analyze Fids that are described by a metabolite model.

To use the package, one loads the Fid, Loads the Metabolite and resonance models, shifts the resonance if

necessary, and finally, runs the analysis.
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Activating the “Metabolite System” button will bring up a list of Metabolite files on your
specified server, while activating the “Metabolite User” button, will bring up a list of Metabo-
lite files contained in your BayesHome directory: “BayesHome/Bayes.Predefined.Spec,” where
the BayesHome directory is where the Bayesian Analysis files are located in your home di-
rectory. This directory will be Bayes, unless you have changed it. In either case, select the
metabolite file you wish to load and hit the “Open” button. In addition to loading the reso-
nances from the metabolite file, opening the metabolite file will also copy the metabolite file
to BayesHome/Bayes.Predefined.Spec directory. After loading the metabolite, the interface
displays the Metabolite in a special Metabolite viewer, see Fig. 10.2. The Metabolite viewer
can be used to shift blocks of resonances and it can be used to modify the prior ranges.

Load the Resonance file by activating either the “Resonance System” or the “Resonance User”
buttons, see Fig. 10.1. These buttons function exactly the same as “Metabolite System” and
User buttons, but these load resonance files, not metabolite files.

Examine each section of the spectrum and the model to make sure that the Metabolic and Res-
onance models are properly aligned. When aligning resonances, all displayed resonances are
shifted in a block. To shift a block of resonances, use a double cursor. Place one cursor on the
center of one of the peaks, and place the other cursor at the location you wish to shift that
peak to. The “Shift Left” button assumes the right-hand cursor is the peak and it shifts the
peak to the location of the left-hand cursor. Similarly, the “Shift Right” button assumes the
left cursor is on the peak and shifts it to the location of the right cursor.

Review the metabolic and resonance parameters by clicking on their names on prior viewer. You
can change any parameter range in a metabolite.

Select the server that is to process the analysis.

Check the status of the selected server to determine if the server is busy, change to another server
if the selected server is busy.

Run the the analysis on the selected server by activating the Run button.

Get the the results of the analysis by activating the Get Job button. If the analysis is running, this
button will return the Accepted report containing the status of the current run. Otherwise, it
will fetch and display the results from the current analysis.

View the Bayes Metabolite model by activating “Fid Model Viewer.” The Bayes Metabolite model
Fid contains multiple traces. The first trace is the original data, the second is a model of the
Fid produced from the parameter values that maximized the joint posterior probability for the
parameters, and the third is the residuals (the difference between the data and the model).
Each metabolite also outputs one trace for each site in each metabolite. For example, the
Glutamate.2.0 metabolite model has 4 sites, so four additional output site traces are written.
Each site trace contains all of the resonances in that site. When metabolite models were
loaded all of the nuisance resonances are output in a single final trace. So the Glutamate.2.0
metabolite would output a total of 3 + 4 + 1 = 8 traces. When no metabolite models are
loaded, the nuisance resonances are output in individual traces.
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Figure 10.2: The Bayes Metabolite Viewer

Figure 10.2: This is an example of the metabolite viewer when the “Glutamate.3.0.ISO” file is loaded. The

left-hand portion of the viewer is the standard file viewer while the right-hand portion is an instance of the

prior viewer. Using the file viewer one can align the spectrum and the model using the shift buttons. These

buttons shift blocks of resonances either left or right by the amount of the double cursor. The prior viewer

can be used to adjust and change the ranges of the various priors.



METABOLIC ANALYSIS PACKAGE 223

10.1 The Metabolic Model

The model used in Bayes Metabolite is of two parts, a metabolic model and a nuisance resonance
model. These two models differ from each other in two important respects, nuisance resonance mod-
els have an amplitude associated with each resonance and they have no metabolic parameters; while
metabolic models predict the fractional intensity of each metabolic resonance from the metabolic
parameters. Thus metabolic models contain the chemistry, while nuisance resonances complete the
spectral model.

Bayes Metabolite process a single non-arrayed Fid. Free induction decays consists of two data
sets, a real data set and a quadrature or imaginary data set. These data sets are related to each
other in the time domain model by a 90◦ phase shift. The time domain model of real data used in
Bayes Metabolite is

dR(ti) = GR(ti) + ni (10.1)

where dR(ti) represents the data acquired at time ti, GR(ti) represents the model of the data and ni

represents the misfit between the data and the model. The real data model is a sum of four terms:

GR(ti) ≡ FRδ(t1 − ti) + CR +
m∑

j=1

MRj(ti) +NR(ti), (10.2)

these four terms are the first point model FRδ(t1 − ti), a constant model CR, the metabolic model
represented by the sum, and finally the nuisance model NR(ti). In NMR Fid data, it is not unusual
for the first values to be in error by as much as a factor of two. Rather than discarding this data,
this effect is included in the Fid model using a first point model. This is represented symbolically by
FRδ(t1−ti) where FR is related to the true intensity of the first point, and the delta function ensures
this model is zero everywhere except the first data value. In addition to first point problems, it is
also not unusual for the data to contain a constant offset. This is modeled by a constant CR. Bayes
Metabolite can process up to 4 different metabolic models at one time. The number of metabolic
models being processed is m, where the jth metabolic model is represented by symbolically MRj(ti),
and the nuisance resonance are represented by NR(ti).

The metabolite model for the real data, MR(ti), is a sum over each resonance in each isotopomer
in the metabolic model,

MR(ti) =
NB∑
`=1

B`

n∑̀
k=1

F`k(Θ)R(2πf`k[ti + t0] + φ`k) exp {−α`kti} (10.3)

where we have represented the resonances symbolically by “RealRes”. Metabolic resonances are
grouped together by isotopomers or sites. For example, the kth resonance of the `th site might be
a C2 doublet coming about from the J12 coupling in glutamate. The number of sites is designated
as NB and the number of resonances within the `th site is n`. The amplitude of each resonance
is calculated from the total amplitude of the site, B`, and the fractional intensity, F`k, of each site
resonance. These fractional intensities are computed from the metabolite parameters Θ. The total
fractional intensity of a given site sums to one, so

n∑̀
k=1

F`k(Θ) = 1. (10.4)
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The frequency of the kth resonance of the `th site is denoted as f`k, t0 may be thought of as a linear
or first order phase correction, and φ`k is the constant part of the resonance phase. In this model
each resonances decays exponentially. The exponential decay rate constant is represented by α`k.
Note that if a resonances is a multiplet then all lines in a multiplet decay with the same exponential
decay rate constant.

The resonance model, “RealRes,” is a multiplet of multiplets of multiplets. We will use this
resonance model for both metabolic and nuisance resonances. Consequently we will represent the
frequency of the resonance as fx where the x subscript could be both a site and resonances subscript
as in the metabolic models, or it could be only a resonance subscript. The time domain model of a
multiplets of multiplet of multiplets is given by

RealRes(2πfx[ti + t0] + φx) ≡
OP∑
u=1

ROP
u

OS∑
v=1

ROS
v

OT∑
w=1

ROT
w cos(2πFuvw[ti + t0] + φx) (10.5)

where the primary multiplet order is OP , the secondary order is OS , and OT is the tertiary order.
The fractional intensity of the uth line of the primary multiplet is ROP

u . Similarly, ROS
v and ROT

w are
the fractional intensities of the various lines in the secondary and tertiary multiplets. The fractional
intensities of for each multiplet sums to one, so

OP∑
u=1

ROP
u = 1,

OS∑
v=1

ROS
v = 1 and

OT∑
w=1

ROT
w = 1; (10.6)

then by definition the fractional intensity of the various lines in the multiplet of multiplets of mul-
tiplets must sum to one:

OP∑
u=1

OS∑
v=1

OT∑
w=1

ROP
u ROS

v ROT
w = 1. (10.7)

The interface defaults these fractional intensities to spin one half multiplets. However, these frac-
tional intensities are input from the interface and may be changed by the user. Finally, the frequency,
Fuvw, is given by

Fuvw = Fuv −
JT (OT + 1− 2w)

2
,

Fuv = Fu −
JS(OS + 1− 2v)

2
,

Fu = fx −
JP (OP + 1− 2u)

2

(10.8)

where JP , JS and JT are the primary, secondary and tertiary coupling constants in Hertz and fx

is the center frequency of the multiplet in Hertz. Note that the package actually uses PPM as its
units for the center frequency, so the program converts the frequency, fx, to Hertz prior to using
these formula.

The nuisances resonance model, NR(ti), is defined as

NR(ti) ≡
n∑

k=1

BkRealRes(2πfk[ti + t0] + φk) exp {−αkti} (10.9)
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where Bk is the amplitude of the kth resonance. The other quantities appearing in this equation have
the same meaning as those defined in Eq. (10.5), except here they refer to the nuisance resonances.

The time domain the data consists of a real and a quadrature or imaginary data. The imaginary
data are modeled as

dI(ti) = GI(ti) + Noise (10.10)

with

GI(ti) ≡ FIδ(t1 − ti) + CI +
m∑

j=1

MIj(ti) +NI(ti) (10.11)

where dI(ti) represents the imaginary data at time ti, FI is the first point model, CI is the constant
offset, MIj(ti) is the jth metabolic model, NI(ti) are the nuisance resonances, and “Noise” represents
the misfit between the data and the model in the imaginary data. Note that “Noise” is only a
symbolic representation of this misfit and should not be taken to mean that the noise is the same
in the real and imaginary data.

The imaginary metabolic model, MI(ti), is just a 90◦ phase shifted version of the real metabolic
model and is given by

MI(ti) =
NB∑
`=1

B`

n∑̀
k=1

F`k(Θ)ImagRes(2πf`k[ti + t0] + φ`k) exp {−α`kti} (10.12)

where

ImagRes(2πfk[ti + t0] + φk) ≡ −
OP∑
u=1

ROP
u

OS∑
v=1

ROS
v

OT∑
w=1

ROT
w sin(2πFuvw[ti + t0] + φx). (10.13)

All of the quantities within these equations are the same as those defined for the real channel.
Similarly, The nuisances resonance model for the imaginary data, NI(ti), is defined as

NI(ti) ≡
n∑

k=1

BkImagRes(2πfk[ti + t0] + φk) exp {−αkti} . (10.14)

10.2 The Bayesian Calculation

The calculation performed by Bayes Metabolite is for the marginal posterior probability for each
parameter appearing in the model. If we designate all of the parameters appearing in the model,
except the standard deviation of the noise prior probability, as χ, then the marginal probability for
χj is given by

P (χj |DI) ∝
∫
dχ1 . . . dχj−1dχj+1 · · · dχzP (χ|DI) (10.15)

where all of these integrals are evaluated numerically. The posterior probability for each of the
parameters may be computed from joint posterior probability, P (χ|DI), and it is this distribution
that is targeted by the Markov chain Monte Carlo simulations.

The joint posterior probability for the parameters is a marginal probability where the standard
deviation of the noise has been removed analytically:

P (χ|DI) ∝
∫
dσP (χσ|DI) (10.16)
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where P (χσ|DσI) is the joint posterior probability for all of the parameters. To compute this
probability one applies Bayes’ theorem to obtain

P (χ|DI) ∝
∫
dσP (χσ|I)P (D|χσI). (10.17)

In the preceding we are using D to stand for both the real and imaginary data. If we designate DR

and DI as the real and imaginary data, then the joint posterior probability is given by

P (χ|DI) ∝
∫
dσP (χ|I)P (σ|I)P (DR|χσI)P (DI |χσI). (10.18)

We used logical independence to factor both the joint prior probability and the likelihood. The
joint prior probability was factored into a prior probability for the standard deviation of the noise,
P (σ|I), and the joint prior probability for all of the other parameters P (χ|I). The joint likelihood
for the data, P (DRDI |χσI), was factored into independent likelihood for each data set separately.

If we assign the prior probability for the noise standard deviation using a Jeffreys’ prior, and
assign the two likelihoods, P (DR|χσI) and P (DI |χσI), using a Gaussian prior probability, one
obtains

P (χ|DI) ∝
∫
P (χ|I)dσ

1
σ

(
2πσ2

)−N
exp

{
−QR +QI

2σ2

}
(10.19)

with

QR =
N∑

i=1

[dR(ti)−GR(ti)]
2 (10.20)

where N is the total complex data values, and

QI =
N∑

i=1

[dI(ti)−GI(ti)]
2
. (10.21)

Evaluating the integral over the standard deviation, one obtains

P (χ|DI) ∝ P (χ|I) [QR +QI ]−N (10.22)

where we have dropped some constants that cancel on normalization.
The joint prior probability for the other parameters is factored into independent prior probability

for each parameter

P (χ|I) = P (FR|I)P (FI |I)P (CR|I)P (CI |I)P (t0|I)P (φ|I)

×

[
NJ∏
k=1

P (Jk|I)

][
n∏

k=1

P (Bk|I)P (fk|I)P (αk|I)P (φk|I)

]

×
m∏

j=1


NΘj∏

k=1

P (Θjk|I)

NJj∏
k=1

P (Jjk|I)

NBj∏
k=1

P (Bjk|I)


×

NBj∏
`=1

[nj`∏
k=1

P (fj`k|I)P (αj`k|I)P (φj`k|I)

]


(10.23)
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Figure 10.3: Bayes Metabolite Parameters And Probabilities List
Parameter Description

NJ : The number of J coupling constants in the nuisance model
n: The number of resonances in the nuisance model

NΘj : The number of metabolic parameter in the jth metabolite
NJj : The number of J coupling constants in the jth metabolite
NBj : The number of sites/amplitudes in the jth metabolite
n`j : The number of resonances in the `th site of the jth metabolite

Prior Probability Description of the Global Parameters Assigned
P (FR|I): the real first point offset Gaussian
P (FI |I): the imaginary first point offset Gaussian
P (CR|I): the real constant offset Gaussian
P (CI |I): the imaginary constant offset Gaussian
P (φ|I): the constant part of the resonance phase uniform
P (t0|I): the time offset, i.e., linear frequency dependent phase Gaussian

Prior Probability Description of the Nuisance Resonances Parameters Assigned
P (Jk|I): the kth J coupling constant user input
P (Bk|I): the amplitude of the kth resonance Gaussian
P (fk|I): the frequency of the kth resonance user input
P (αk|I): the decay rate constant of the kth resonance user input
P (φk|I): the constant phase of the kth resonance user input

Prior Probability Description of the Metabolic Parameters Assigned
P (Θjk|I): the kth metabolic parameter in the jth metabolite user input
P (Jjk|I): the kth coupling constant in the jth metabolite user input
P (Bjk|I): the kth amplitude in the jth metabolite Gaussian
P (fj`k|I): the frequency of the kth resonance, `th site, jth metabolite user input
P (α`jk|I): the decay rate of the kth resonance, `th site, jth metabolite user input
P (φjk|I): the phase of the kth resonance, `th site, jth metabolite user input

where we define the symbols and probabilities appearing in this equation in Table 10.3. In this
table “user input” means that the information needed to assign the prior is read from the input
parameter files. Prior probabilities assigned in this way are either bounded uniform or Gaussian
prior probabilities. In both cases the user must specify all of the information necessary to assign
the prior. Prior probabilities noted as being “Gaussians” are bounded zero mean Gaussian prior
probabilities and the bound and standard deviations of these Gaussians are set by Bayes Metabolite.
For example, the range for the amplitudes extends from zero to a few times the maximum data value
and this range represents a 3 standard deviations interval; so the prior keeps the amplitudes positive
and in a range that is reasonable for the data. The prior probability for the phases, the P (φjk|I)
and the P (φk|I), are assigned as delta functions:

P (φjk|I) = δ(φ− φjk), and P (φk|I) = δ(φ− φk), (10.24)

if the resonances has a common constant phase, and they are assigned a uniform prior probabilities
if the resonance has a unique phase. Whether or not the resonance has a common phase is defined
in the parameter files.
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Markov chain Monte Carlo using simulated annealing is used to draw samples from Eq. (10.22).
From these samples the marginal posterior probability for each parameters is generated. These pos-
terior probabilities are written to an output files contained within the experiment. Additionally, the
mean and standard deviation estimates of the parameters are written to mcmc.values file contained
in the experiment. Finally, the parameters that maximized the joint posterior probability for the
parameters are used to generate a model of the original Fid. This model may then be viewed using
the appropriate interface widgets.

10.3 The Metabolite Models

Metabolic models consist of three parts: First, there must be a physical model of some chemical
process. This physical model must lead to a prediction of the fractional intensities of the resonances in
the spectrum. Second, a subroutine must use this physical model to compute the fractional intensities
of each resonance from the metabolic parameters. Finally, the metabolic and resonance parameters
must be described to the program that processes the metabolite. In the following subsections we
will describe the current metabolites, and then in the next Section we will give detailed instructions
on how to build and test your own metabolic models.

10.3.1 The IPGD D2O Metabolite

The methodology used for the estimates of the contribution of glycogenolysis, glycerol, and PEP
to serum glucose was first proposed by Landau [19], with analysis of 2H enrichment carried out by
mass spectroscopy. How this labeling is carried out is illustrated symbolically in Fig. 10.4. Peak
intensities from the H2, H5, H6S and H6R resonances are used to calculate the contribution of
Glycogen, Glycerol and the Kreb’s cycle to the creation of Glucose. The three contributions are
computed from the H2, H5 and H6 intensities. The H6 intensity is either H6R or H6S. Ratios are
computed using H6R intensities to make sure that nothing has gone wrong in the experiment; it is
the ratios computed using the H6S intensities that are of metabolic importance.

Data typical of this metabolic model are shown in Fig. 10.5. For this work, the samples of serum
glucose were prepared according to Jones, et. al. [34]. Deuterium NMR spectroscopy was carried
out at 92Mhz. The 90 degree pulse width was 7.9us. The spectral width was set to 10ppm and 928
data points were collected in the Fid to give a total acquisition time of 1s with no further relaxation
delay. The longest relaxation time for a deuteron in the IPG derivative is 230ms.

The four resonances used in the metabolic calculations are labeled H2, H5, H6R and H6S respec-
tively. The remaining resonances, including the solvent peaks are described by the IPGD D2O.Res
file. In this simple metabolite, the metabolic parameters are the fractional intensities of the H2, H5,
H6R and H6S resonances. Because the total fractional intensity must add up to one, we impose the
condition

1 = H2 + H5 + H6R + H6S . (10.25)

From the fractional intensities there are six derived parameters that are output from the IPGD D2O
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Figure 10.4: The IPGD D20 Metabolite

Figure 10.4: Peak intensities from H2, H5 and H6S resonances are used to calculate the contribution of

Glycogen, Glycerol and the Kreb’s cycle to the creation of Glucose, see [34]. This figure courtesy of John

G. Jones, South Western Medical Center.
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Figure 10.5: Bayes Metabolite IPGD D20 Spectrum

Figure 10.5: This spectrum is a typical example of IPGD D2O data. It is the ratios, as described in the text,

of the labeled four peak that are computed by the IPGD D2O metabolic package. Note the four metabolic

peaks of interest have been annotated. The remaining resonances, including the solvent, are described by

the IPGD D2O.Res file and are the intensities of these peaks are not used in the Metabolic analysis.
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Figure 10.6: The Fraction Of Glucose From Glycogenolysis, Glycerol And The Krebs Cycle
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rior probabilities for the fraction of glucose from

glycogenolysis, above, from glycerol above right,

and from the Krebs cycle, right. The widths of

these plots are a natural measure of how uncer-

tain one is of a particular parameter. For example

the glycogenolysis fraction has been estimated to

be roughly 0.25± 0.05.
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metabolite analysis:
Spins H2 = H2,

glycogenolysis = 1− H5
H2 ,

R glycerol = H5−H6(R)

H2 ,

R Krebs cycle = H6(R)

H2 ,

S glycerol = H5−H6(S)

H2 ,

S Krebs cycle = H6(S)

H2 .

(10.26)

Using the data shown in Fig. 10.5, and the IPGD D2O.ISO and IPGD D2O.Res files we ran this
analysis and have displayed probability density functions for the three ratios of interest, the “S”
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ratios, are shown in Fig. 10.6. For more on these calculations and why they are important see [34].

10.3.2 The Glutamate.2.0 Metabolite

The Glutamate 2.0 metabolic model is a model of the TCA cycle in hearts. This model was first
proposed by Jeffrey, et. al. [42]. The assumption included in this model necessitate that only the
perfusion described in Jeffrey, et. al. be utilized. Carbon-13 spectroscopic analysis of the glutamate
isotopomer can be carried out on the unpurified abstract of the freeze clamped heart, with two
caveats. The spectroscopy should be at 100 MHz carbon frequency or above to minimize second
order effects in the multiplets, and the relaxation delay should be 2.5s with a 90 degree excitation
pulse so that different resonances are not weighted by relaxation effects. A spectrum typical of this
experiment is displayed in Fig. 10.7. The four panels in this figure are the resonances that each
of the four carbon isotopomer gives rise to. The function of the Glutamate metabolic model is to
predict the relative intensity of each of the resonances within each isotopomer.

For a heart perfused with [2-13C] acetate plus [3-13C] propionate, there are three basic metabolite
parameters:

• Fc2: The fraction of acetyl-CoA enriched in C2.

• y: Anaplerosis, Carbon skeleton entry into the TCA acid cycle relative to citrate synthase; by
definition y ≥ 0.

• Fa1: Anaplerotic substrate enriched in a single aliphatic carbon.

From these three parameters, there are two derived parameters:

• Fc0: By definition if Fc2 is the fraction of acetyl-CoA enriched in C2, and Fc0 is the fraction
not enriched, then

Fc0 + Fc2 = 1. (10.27)

• Fa0: Similarly if Fa1 is the Anaplerotic substrate enriched in aniphatic carbon, and Fa0 is the
fraction not enriched, then

Fa0 + Fa1 = 1. (10.28)

These five metabolic parameters are used by the Glutamate.2.0 subroutine to predict the relative
intensity of each resonance. In the process of computing the joint posterior probability for the model,
the simulations will propose a set of metabolic parameters. These are passed to the Glutamate.2.0
subroutine, and that subroutine passes back the predicted relative amplitudes of each resonance in
the model.

The Glutamate.2.0 model contains 11 resonances which interact through three coupling constants:

• J12: The coupling constant between the C1 and C2 carbons,

• J23: The coupling constant between the C2 and C3 carbons,

• J34: The coupling constant between the C3 and C4 carbons.
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Figure 10.7: Glutamate Example Spectrum

(D) The C4 Resonances

(C) The C3 Resonances

(B) The C2 Resonances

(A) The C1 Resonances

Figure 10.7: This spectrum is a typical example of Glutamate data: C1 is a singlet and a doublet; C2 is a

doublet of doublets, two doublets and a singlet; C3 is a doublet of doublets, a doublet, and a singlet; finally,

C4 is a doublet and a singlet.
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The prior ranges, means, and standard deviations of these coupling constants are read from the
“Glutamate.2.0.ISO” file. For example the J12 coupling constant is 54 ± 1 Hertz, with a low and
high of 52 and 56 Hertz respectively. Typically these coupling constants are determined to better
than 0.01 Hertz, so the priors have little effect on the numerical simulations; they serve only to make
sure that the Markov chain keeps these coupling constants near the values supported by the data.

In the Glutamate.2.0 model there are four sites and so four amplitudes that must be estimated.
The Glutamate.2.0 subroutine computes the normalized intensity of each resonance within each sites
from the metabolic parameters. The four sites are named C1, C2, C3 and C4. So when we say that
the Glutamate.2.0 subroutine must compute the fractional intensity of a sites we mean that each
carbon gives rise to a set of related lines and total amplitude of an sites times the fractional intensity
of a given resonance is equal to the intensity of that resonance.

These four carbons give rise to a total of 11 resonances. Figure 10.7 shows the resonances from
each of the four carbons. These resonances are named Cnx where Cn is the carbon giving rise to
the resonance, and x designates which resonance. For example, C2d23 , is the C2 doublet caused by
the J23 coupling. As noted, the Glutamate.2.0 subroutine must compute the fractional intensity of
each resonance from the metabolic parameters. If we define

a =
1

y + 1
, (10.29)

b =
1

2(y + 1)2
, (10.30)

and
c = bFc2 (10.31)

then the fractional intensities for the two C1 resonances, shown in Fig. 10.7(A), are given by:

C1d = aFc2,

C1s = 1− C1d

(10.32)

where C1d is the fractional intensity of the C1 doublet due to J12 coupling and C1s is the fractional
intensity of the C1 singlet. Note, by definition C1d+C1s = 1.

Similarly, the fractional intensities of the four C2 resonances, shown in Fig. 10.7(B), are given
by

C2d23 = c(2y + Fc0 + 1),

C2d12 = cFc0,

C2q = cFc2,

C2s = 1− C2d12 − C2d23 − C2q

(10.33)

where C2d23 is the fractional intensity of the C2 doublet due to J23 coupling, C2d12 is the fractional
intensity of the C2 doublet due to J12 coupling, C2q is the fractional intensity of the C2 doublet of
doublets due to J12 and J23 couplings, Finally, C2s is the fractional intensity of the C2 singlet; and,
as with the C1 resonances, the fractional intensity of the C2 singlet is computed in such a way as
to insure 1 = C2d12 + C2d23 + C2q + C2s.
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The fractional intensities of the three C3 resonances, shown in Fig. 10.7(C), are given by

C3d = C1d(y + 2Fc0),

C3t = C1dFc2,

C3s = 1− C3d − C3t

(10.34)

where C3d is the fractional intensity of the C3 doublet due to J23 coupling, C3t is the fractional
intensity of the C3 doublet of doublets due to J23 and J34 couplings. Note this doublet of doublet is
often called a triplet because the coupling is such that the resonance pattern looks like a 1:2:1 triplet.
Finally, C3s is the fractional intensity of the C3 singlet, and as with the C1 and C2 resonances its
intensity is computed in such a way as to insure 1 = C3d + C3t + C3s.

The fractional intensities of the two C4 resonances, shown in Fig. 10.7(D), are given by

C4d34 = (Fc2 + yFA1)/(2y + 1)

C4s = 1− C4d34

(10.35)

where C4d34 is the fractional intensity of the C4 doublet due to J34 coupling, and C4s is the the
fractional intensity of the C4 singlet.

To use the glutamate model, load the “Glutamate.2.0.ISO” isotopomer file and reference the
C1 singlet to 175.1 ppm. Next hit the display spectrum button and the interface will note the
locations of all of the prior probabilities on the spectrum. These priors should now overlap the
centers of the C1 resonances. If they don’t then you must not have gotten the referencing correct or
something is wrong with the spectrum. Next expand the various regions of the spectrum and make
sure that the priors overlap the centers of each of the carbon resonances. If they do not overlap,
and you have referenced the spectrum, you will have to use the edit metabolic resonances button
to correct the frequency shifts. Note that you must be careful in doing this to make sure that the
resonances remain in the given order. This can be difficult, because the interface orders the priors
by frequency, and if you change a frequency, you can change the order. If the order changes from
what is coded into the glutamate subroutine, the Metabolite program will not even try to run. After
making sure the resonances all line up, load the nuisance resonances. These nuisance resonances are
in the “Glutamate.2.o.Res” file. This particular file was set up for the “sb33 90A.fid” located in the
Bayes.test.data directory downloaded from the interface. If the nuisance resonances in your data
set are different, unload the resonance file and use the edit parameters button under the processing
type resonance label to enter the nuisance resonances. The easiest way to do this is simply to mark
them using the buttons on the edit resonances window. Finally, run the analysis using the “Run
Analysis” button.

10.3.3 The Glutamate.3.0 Metabolite

The newest metabolite to be added to the metabolite package is an extension of the glutamate
2.0 metabolite to account for the C5 couplings. This is an extensive addition to the metabolite
package having some 19 metabolic parameters, 6 coupling constants and 27 sets of resonances. These
resonances range from singlets to doublets of doublets of doublets. If you need more information on
this metabolite consult the paper [41] and if this does not answer you questions contact its creator,
Mark Jeffrey, at the Southwest medical center in Dallas Texas.

mailto:Mark.Jeffrey@UTSouthwestern.edu
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Figure 10.8: Estimating The Fc0, y and Fa0 Parameters
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Fig. 10.8. These three plots are of the posterior

probabilities for Fc0, y and Fa0 parameters. The

widths of these plots are a natural measure of how

uncertain one is of a particular parameter. For

example the y parameter, top right, has been es-

timated to be roughly 0.5± 0.05.
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10.4 The Example Metabolite

The example metabolite is just what its name implies, its a simple example of a metabolite used to
demonstration how to build metabolite model. This metabolite imposes only a single condition on
the data, in this case it forces the fractional amplitudes of two multiplets to be in a fixed ration.
The data used in the example is the “ethyl.ether.fid” and may be loaded from the Bayes.test.data
directory. The spectrum of this data is shown in Fig. 10.9(A). To run the example metabolite, load
the Fid, the “Example.ISO” file and the nuisance resonance file “Example.Res” and run the analysis.

The example metabolite only runs a few minutes. It has one metabolite and one derived pa-
rameter. In this case it is the fractional intensity of the triplet that is the metabolite parameters,
the derived parameter is the fractional intensity of the quartet. The output from this metabolite is
the two fractional intensities, the total intensity, the coupling constant, and the parameters needed
to describe both the metabolite and nuisance resonances. These outputs may be viewed using the
standard widgets. Additionally, the metabolite model generated from the maximum posterior prob-
ability estimate of the parameters may be viewed by activating the Fid model viewer. see Section ??
for more on how to use the model experiment.
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Figure 10.9: Bayes Metabolite, The Ethyl Ether Example

(A)

(B) (C)

Figure 10.9: Panel (A) shows the full spectrum of the example metabolite, ethyl ether. The metabolite

resonance, Panels (B) and (C), are described in the in the Example.ISO file. Metabolites must predict the

fractional intensities of the metabolite resonances. Here that means the example subroutine imposes the

condition that the area of the quartet should be 2/5 while the area of the triplet should be 3/5.
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10.5 Outputs From The Bayes Metabolite Package

The Text outputs files from the Metabolite packages consist of: “Bayes.prob.model,” “BayesMetabo-
lite.mcmc.values,” “Bayes.params,” “Console.log,” “Bayes.accepted” and a “Bayes.Condensed.File.”
These output files can be viewed using the Text Viewer or they can be viewed using File Viewer
by navigating to the current working directory and then selecting the files. The format of the
mcmc.values report is discussed in Appendix D and the other reports are discussed in Chapter ??.
Additionally, the “Plot Results Viewer” can be used to view the output probability density functions.
In addition to the standard data, model and residual plots there are probability density functions
for each metabolic parameter and for each frequency, J coupling constant, and decay rate constant
in the model. Finally there is probability density functions for the standard deviation of the noise
in the time domain Fid data.
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root requirements, 30

Start Up Window, 22, 33
Steepest Descents, 173
Subdirectories, 469

Bayes, 39
Bayes.model.fid, 470
Bayes.Predefined.Spec, 469
Bayes.test.data, 39
BayesAnalyzeFiles, 470
BayesAsciiModels, 93, 469
BayesOtherAnalysis, 35, 73, 470
fid, 36, 53
images, 36, 38, 39, 59, 470
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plugins, 470
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Resources, 470
Spectroscopic
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Working Directories, 470
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Sufficient Statistics, 122
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Sum Rule, 100, 119, 344, 440
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Viewers

Ascii Data, 337
Fortran/C Models, 337
Prior Probabilities, 337

Widgets
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System, 337
User, 337
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Uninstall, 49
Unknown Number of Exponentials Package, 143
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Model Equation, 145
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Bayes Accepted, 143, 148
Condensed, 148
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Prob Model, 148

Using, 143
Viewers

File, 148
Plot Results, 149, 150
Prior, 143
Text, 148

Widgets
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Find Outliers, 143
Order, 143

Unknown Polynomial Order Package, 293
Bayesian Calculations, 295
Files

Ascii, 293
Bayes Analyze, 293
Peak Pick, 293

Model Equation, 295
Number of data sets, 293
Reports

Bayes Accepted, 293, 299

Condensed, 299
Console Log, 298, 299
McMC Values, 299
Polynomial Order Plot , 301
Prob Model, 299

Using, 293
Viewers

File, 299
Text, 299

Widgets
Set Order, 293, 294
Unknown Order, 293, 294

Viewers, 27, 52
ASCII Data, 36
Ascii Data, 27, 53, 56, 63, 137, 265, 275,

285, 293, 311, 329, 337, 341
Expanding Plot, 53
Printing, 53
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Bayes Model, 160
Fid Data, 27, 265
fid Data, 53, 53, 285, 293

Auto Range, 59
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Clear Cursors, 56
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Copy, 59
Cursor, 56
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fn, 57
Full, 56
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Phase Popup, 57
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Properties, 59
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Save As, 57, 59
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Fid Model, 27
fid Model, 68, 186
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Model, 71
Overlay, 71
Report, 71
Residual, 71
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Trace, 71
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File, 28, 80
Fortran/C Models, 93, 330
Image, 27, 59, 415

Autoset Grayscale, 61
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Delete All, 61
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Export, 62
Get Statistics, 64, 65
Get Threshold Statistics, 65
Grayscale, 63
Image Selection, 60
List, 59
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Max, 64
Mean, 64
Min, 64
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RMS, 64
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Sdev, 64
Set Image Area, 62
Show Histogram, 61
Show Info, 62
Slice, 62
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Value, 64
View Selected Pixels, 61
Viewer Settings, 62
Viewing, 62
X Pos, 64
Y Pos, 64
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Prior, 27, 65

Prior Probabilities, 138, 312
Text, 141, 271, 281, 290, 309, 322, 335, 353
Text Results, 26, 28, 52, 74
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Widgets
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System, 411
User, 411
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System, 423
User, 423

Ascii Data Viewer
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Right-mouse, 53
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Mark, 159
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New, 159
Noise, 158
Phase, 157
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Remove, 159
Remove All, 159
Reset, 159, 193
Restore, 159
Save, 159
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Bayes Find Resonances Package
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Constant, 239, 242
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System, 329
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System, 341
User, 341

Errors In Variables Package
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Cursor B, 56
Delta, 56
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Full, 56
Get Peak, 56
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Trace, 70
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Priors, 96
Remove All (priors), 96
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Global
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413, 415, 425, 428

Image Model Selection Package
System, 415
User, 415

Image Viewer
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Get Statistics, 64
Get Threshold Statistics, 65
Grayscale, 63
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Slice Number, 62
Value, 64
X Pos, 64
Y Pos, 64

Inversion Recovery Package
Find Outliers, 151

Kernel Density Function Package
Kernel Type, 364
Output Size, 364

Linear Phasing Package
cf, 403
Display, 403
Display Array Element, 403
fn, 403
fn1, 403
Image Type, 402
Load An Image, 402
np, 403
nv, 403
Process, 403

Magnetization Transfer Kinetics Package
Load, 275, 281
Set, 275
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Magnetization Transfer Package
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age
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Order, 373

Non-Linear Phasing Package
Process, 409
Write Ascii images, 409
Write imaginary images, 409

Prior Viewer
High, 65
Low, 65
Mean, 65
Prior Type, 67

Server
Edit, 52
Name, 26, 52, 52
Set (server), 48
Setup, 48, 52

Test Ascii Model Package
Find Outliers, 339
System, 337
User, 337

Text Results Viewer
Copy, 74
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Down arrow, 74
Enable Editing, 74
Print, 74
Save (a copy), 74
Save As, 74
Settings, 74
Up arrow, 74

Unknown Number of Exponentials Package
Constant, 143
Find Outliers, 143
Order, 143

Unknown Polynomial Order Package
Set Order, 293, 294
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WorkDir
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