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Abstract

The quantitation of metabolite concentrations from in vitro NMR spectra is hampered by

the sensitivity of peak positions to experimental conditions. The quantitation methods currently

available are generally labour intensive and cannot readily be automated. Here, an algorithm is

presented for the automatic time domain analysis of high resolution NMR spectra. The TAR-

QUIN algorithm uses a set of basis functions obtained by quantum mechanical simulation using

predetermined parameters. Each basis function is optimised by subdividing it into a set of sig-

nals from magnetically equivalent spins and varying the simulated chemical shifts of each of these

groups to match the signal undergoing analysis. A novel approach to the standard multidimen-

sional minimisation problem is introduced based on evaluating the fit resulting from different

permutations of possible chemical shifts, obtained from one-dimensional searches. Results are

presented from the analysis of 1H proton magic angle spinning spectra of cell lines illustrating

the robustness of the method in a typical application. Simulation was used to investigate the

biggest peak shifts that can be tolerated.

Keywords: quantitation quantum simulation fitting
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1 Introduction

1H nuclear magnetic resonance spectroscopy (1H NMR) provides information on the concentra-

tions of large numbers of metabolites and is increasingly used for the characterisation of biological

samples. 1H NMR of human plasma provides information on disease status of patients with car-

diovascular disease (1) and is under exploration as a biomarker of other diseases including cancer.

1H NMR of biofluids also provides a powerful tool for assessing toxicology (2). Cell and tissue

samples may be analysed by either processing them to extract water soluble metabolites and/or

lipids prior to 1H NMR being carried out, or directly by magic angle spinning 1H NMR and provide

powerful characteristics for diagnosis and prognosis (3). The automated analysis of these spectra

is an important goal in realising the clinical potential of the NMR technique.

The progress made in developing 1H NMR as a tool for characterising biological samples is due

in large part to the use of pattern recognition methods for analysing spectra (4). All molecules

containing a proton in an appropriate environment can give rise to a 1H NMR signal and so the

number of signals present in biological samples is extremely large. The general approach to this

problem is to consider the spectrum (frequency domain) as a “fingerprint” (5) and use methods such

as principal component analysis combined with cluster analysis to differentiate between different

classes of samples (6). However, the biologically relevant information is the concentration of the

individual metabolites and automated methods for determining this from in vitro spectra do not

exist.

Little has been published about the automated analysis of in vitro spectra to determine metabo-

lite concentrations; typically spectrometer manufacturers’ software is used to integrate the area

under peaks and multiplets. This process is less successful when there are many overlapping peaks

in the region of integration. Techniques such as “deconvolution” (7) are user intensive and require

complex knowledge of the many metabolite resonances in order to correctly assign peaks.

An alternative to integration are methods in which peaks are selected, fit and removed one at a

time (8). The problem with this approach is that it is difficult to determine the exact resonance of

a peak (due to the interference from other peaks) which causes cumulative error as more and more

peaks are subtracted. Additionally, these methods over-estimate the quantity of a large peak in a

crowded region, having a detrimental effect on other components in that region.

The determination of metabolite concentrations from in vivo 1H MRS has been achieved by

using sets of individual metabolite spectra as a basis for least-squares projection. In some methods
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these bases are experimentally acquired (9, 10) but more recently an approach based on quantum

mechanical simulation has been introduced (11). Other fitting techniques are those based on the

SVD/Prony’s method (12, 13) which involve making various assumptions about Lorentzian line

shapes and good SNR. Typically the application of these techniques is limited to in vivo application

due to the computational cost of working with large numbers of points. Another popular method

is AMARES (14) based on interactive assignment of singlets and multiplets. Full reviews of both

time and frequency domain methods may be found in (15) and (16) respectively.

It is well known that there is a strong dependence between a spin’s resonant frequency and

its local environment (17); this fact has even been utilised for the exact measurement of pH (18).

For most NMR experiments pH and temperature have to be tightly regulated to ensure that peak

positions are reproducible across experiments. A problem specific to the quantitation of signals

directly from tissue is that unlike biofluids or extracts, it is currently impossible to control the pH

environments of metabolites whilst maintaining sample structure.

Metabolite basis sets are an attractive method of quantitation, they incorporate prior knowledge

in a powerful manner and make the quantitation of metabolites with many peaks as easy as the

quantitation of singlets. This avoids the need to fit each peak, effectively achieving a dimensionality

reduction of the problem. However this approach has not yet been used to quantitate in vitro

spectra perhaps because the shifts in peak position between one experiment and another are often

greater than the peak widths making it difficult to generate accurate basis functions.

In this paper a new algorithm TARQUIN (Totally Automatic Robust QUantitation In NMR) is

presented for the metabolite quantitation of high resolution NMR data. TARQUIN uses a quantum

mechanically simulated time domain basis set which is refined to account for small changes in the

metabolite environments and in particular, peak position. Accurate refinement is a considerable

problem and most of this paper is devoted to methods of achieving this. The application of TAR-

QUIN to real magic angle spinning (MAS) data from cell lines is demonstrated. The performance

on simulated data is used to investigate robustness to chemical shift variations. A MATLAB im-

plementation of the algorithm described in this paper and some results may be downloaded freely

from http://www.lostintheether.net/tarquin/
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2 Method

The discrete-time acquired free induction decay signal of N samples, y ∈ C
N , can be modeled as a

linear combination of the signals from various metabolites (the basis set) and some additive noise.

Writing the time-series signals from the M metabolites as the columns of a matrix S ∈ C
N×M and

the corresponding amplitudes (and phases) as elements of a vector a ∈ C
M :

y = Sa + w [1]

where w ∈ C
N is a vector representing noise and modeling error. The least-squares estimate (19)

of the amplitudes can be obtained from:

â = S+y = a + S+w. [2]

From [2], when w is small, the quantitation problem is reduced to finding the columns of S.

In the case of an assumed model function, such as the Lorentzian, the problem is to search for

the damping and the frequency of each peak, where each peak is a column of S. This is the

Variable Projection (VARPRO) (20) approach to fitting. The least-squares formulation may also

be implemented using a metabolite basis set for the columns of S. Existing methods that use this

approach seek to modify the basis set in order to match correctly the acquisition by minimising the

residual between the acquired signal and a reconstructed model:

min
θ

||y − ŷ(θ)|| [3]

where ŷ is an estimate of the signal constructed from the basis set and modified by frequency

shift, damping and phase parameters in θ. There are several ways in which a basis set can be

constructed; the two popular methods are experimental acquisition and simulation. Experimentally

acquired basis sets possess several features which can make them difficult to use: noise, imperfect

lineshape, inter-magnet variation, field-strength dependence and the effort involved in acquisition.

An alternative approach is to simulate the basis sets from a theoretical model employing prior

knowledge of the parameters from experiments. It is this approach that is used here.

The algorithm for generating and matching the basis functions is now described; subsequent

sections of the paper will expand on this overview. The first step is to generate a set of signals

corresponding to metabolites using known J-coupling and chemical shift values. Each metabolite

signal is divided into “groups” of signals from magnetically equivalent spins. These groups are then

adjusted to fit their corresponding counterpart in the acquired signal. This adjustment involves
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shifting the resonance frequency and computing a damping and phase for each group; a process

which is described in detail. An overview of the entire quantitation process is shown in Fig. 1.

2.1 Initial Basis Set Simulation

The quantum mechanical simulation of 1H NMR signals from small molecules has been extensively

described (21). Detailed a priori knowledge of metabolite chemistry makes accurate simulation

possible and an implementation of the method in (21) was developed as part of this work. Quantum

mechanical operators are applied to the density matrix describing the spin system, in order to

simulate the time domain signal of each metabolite. Each NMR experiment is modeled by the

sequential application of the following operators: thermal equilibrium, RF-pulse, free-evolution

and acquisition. For a simple proton one-dimensional homonuclear experiment it is assumed that

the spin system begins in a state of thermal equilibrium represented by the the thermal equilibrium

operator. Pulse sequences are modeled by sequential application of the RF-pulse and free-evolution

operators. The experiment is completed by applying the acquisition operator, ultimately producing

sets of frequencies, Ω, and amplitudes.

The Hamiltonian directly dictates the free evolution dynamics of a spin system. For a motionally

averaged homonuclear spin system, the Hamiltonian can be accurately represented by considering

the chemical shift interaction and the J-couplings between spins in the same molecule:

Ĥ0 =
n

∑

j=1

Ωj Îjz +
n

∑

∀j<k

2πJjkÎj · Îk [4]

where:

Îj = Îjxex + Îjyey + Îjzez [5]

where Ijz is the z-component of the jth angular momentum operator, Ωj is the chemical shift of

the jth spin in the rotating frame of reference, Jjk is the J-coupling interaction between spins j and

k and n is the number of spins in the molecule. All of these parameters can be represented by a

lower-triangular matrix J and vector Ω. For example, lactate is completely specified for simulation

purposes by data taken from (22):

Ω =
[

4.0974 1.3142 1.3142 1.3142
]T

[6]
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[7]

2.2 Basis Set Refinement

An important property of the J-coupling interaction is that it remains largely invariant to changes

in temperature and pH. Chemical shift however varies with temperature and pH so the chemical

shift vector needs to be specified precisely for a particular experiment. In a novel extension to

the basis set technique, small variations in pH and temperature due to physiological processes are

accounted for as part of the fitting process. This is achieved by modeling each metabolite as a

combination of separate groups, where each group is a collection of magnetically equivalent spins.

At high field strengths, this normally corresponds to breaking a metabolite’s signal up into separate

multiplets (groups) well separated by frequency. These groups are formed within the simulation

by manipulation of the equilibrium operator. If si ∈ C
N is the complete metabolite and signal, it

may be represented as:

si[n] =

Gi
∑

k=1

gi
k[n] [8]

where Gi is the number of groups in the metabolite, gi
k ∈ C

N represents the time-series for each

group k of metabolite i and n is the sample index. The time series for each group is the summation

of many (undamped) complex exponentials at the frequencies and amplitudes determined by the

simulation. Ultimately this means that the lineshape of the basis set is Lorentzian, although the

method does not depend on this assumption since the rest of the process is in terms of group signals.

For example, the basis set could be simulated with a different model function to take account of

poor shimming.

Once a basis set has been simulated it is refined to match better the signal being quantitated.

The main part of the algorithm begins by forming the “group matrix” Ĝ ∈ C
N×P where P =

∑M
i=1Gi,

Ĝ =
[

ĝ1
1 . . . ĝ1

G1
ĝ2

1 . . . ĝ2
G2

. . . ĝM
1 . . . ĝM

GM

]

[9]

Each column of Ĝ is synthesised from the frequency and amplitudes determined by simulation and

is undamped. The exact resonant frequencies, the dampings and phase of each group vary slightly

between each experiment. Prior to forming the metabolite signal si we need to modify each group
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to match the signal currently undergoing analysis:

si[n] =

Gi
∑

k=1

ĝi
k[n] exp

(

jφi
k

)

exp
(

(j∆ωi
k − λi

k)n∆t
)

[10]

where ∆t is the sampling interval, φi
k is the phase, ∆ωi

k is the shift from the initial frequency and

λi
k is the damping of each group. It was noticed experimentally that a good model for the ∆ωi

k due

to the unknown pH effect is:

∆ωi
k = 2π(ζ + ξi

k) [11]

where ζ represents an initial offset per experiment and ξi
k is a Gaussian distributed random variable

with variance dependent on unknown experimental conditions (in the data presented later, ξ i
k has

a standard deviation ≈ 0.001 ppm). The ζ parameter is calculated by solving:

min
ζ

||y − ĝi
k(ζ)(ĝ

i
k(ζ))

+y|| [12]

where ĝi
k is a group k of some metabolite i that is found in the spectra being quantitated. The

choice of ĝi
k depends on the data being quantitated, typically this is a well separated peak that

can be readily assigned and is found in all spectra to be analysed. The argument ζ indicates that

ĝi
k has been shifted by some frequency ζ. Note that in [10] the frequency and damping factors are

constrained; −2πfmax ≤ ξi
k ≤ 2πfmax and λmin ≤ λi

k ≤ λmax. It is also necessary to form the

matrix G ∈ C
N×P at this stage. This matrix represents the basis set as it is updated through the

process. Initially it is identical to Ĝ except that a typical damping, λtyp ≈ 6 Hz, is applied to each

column.

The fundamental problem of analysing NMR data is the interference between components; each

exponentially decaying oscillation has a bandwidth that spans the entire signal. The approach here

is to break the signal up into segments; where each segment contains groups that are within a

threshold, tolseg, of each other (tolseg ≈ 0.05 ppm at a field strength of 600 MHz). Each segment

then has the corresponding groups in the basis set adjusted until they best fit the segment. The

procedure for segmenting the signal works by ordering the groups in increasing order of “group

frequency” where group frequency is defined as the frequency of the biggest peak in the Fourier

transform of the signal for each group. The Fourier transform is necessary because the output

of the simulation specifies a group in terms of many frequencies each with their own amplitude;

it would be difficult to directly use these numbers to determine a frequency representative of the

group. However, in the case of singlets, a group’s single frequency is used directly from the output

of the simulation. The P -dimensional vector of group frequencies is denoted v.
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To reduce interference from signals outside the segment, the groups not in the segment are

subtracted (in a manner inspired by (8)) using a least-squares estimate to form a residual undergoing

analysis. Thus, for a segment D that contains groups within the tolerance, we form the residual:

z = y − G−DG+
−Dy [13]

where G−D is the matrix G without the columns corresponding to the groups in the set D. It is

the need to create an effective residual that motivated the application of the typical damping, λtyp,

above. From this residual the specific adjustment parameters of [10] are determined by solving the

following minimisation problem:

min
∆ω,λ

= ||z − ẑ|| [14]

where ∆ω ∈ R
b and λ ∈ R

b and b is the number of groups in the segment. The estimate ẑ is

constructed in the usual manner, i.e. ẑ = GDG+
Dz where GD is a matrix with columns correspond-

ing to the groups in D. The solution of [14], the “identification equation” is explained in the next

section.

2.3 Solving the Identification Equation

In its initial form, [14] is a minimisation problem in 2b dimensions. The landscape of this problem

possesses a large number of local minima making the solution using a standard multi-dimensional

optimisation algorithm (e.g. Levenberg-Marquardt) difficult; traditional methods often present only

local solutions. The approach here exploits knowledge of the problem in order to make the solution

tractable. The first step is to perform a series of evaluations of a one-dimensional form of [14] over

the frequency range with no damping applied; we form the landscape vector:

ld[u] = ||z − ẑd(u)|| [15]

where d = 1, 2, . . . , b denotes the current group within the segment and ẑd(u), the estimate of that

single group at frequency position proportional to u, is defined by:

ẑd[n](u) = Ĝd[n] exp (j2π(−fmax − ψd + u∆f)n∆t) [16]

where Ĝd ∈ C
N is the group of the segment for which this one-dimensional search is being per-

formed, ∆f is the step-size of the search and u is the integer index variable and ranges from zero

to the number of points in the search minus one, e.g. for our data our search resolution had 50
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points, so u = 0, 1, . . . , 49. ψd is the “collision offset” and is the remainder of vd/∆f . It’s pres-

ence ensures that the landscape vector has an identical numerical value at ambiguous positions of

identical groups. For example, in the choline region of the spectrum, glycerophosphorylcholine and

phosphorylcholine are close together and a mathematically valid solution would be to swap the

position of their singlets around. Later, a method for detecting and correcting for this is described.

The collision offset also ensures that if two singlets are adjusted to have identical frequencies then

the smallest singular value of GD will be zero. This fact is used to prevent this solution from being

considered.

Once ld has been computed for each group in the segment (see Fig. 4), the minima are deter-

mined in the obvious way by a numerical differencing method. The b sets of minima are arranged

to form the “permutation matrix”. From the permutation matrix all possible combinations of b-

dimensional “trial vectors” are selected (the Cartesian product of all sets of minima). An evaluation

of the identification equation is performed for each trial vector and the best candidate selected as

the set of shifts, ∆ω, that will be used. Note that when evaluating the identification equation for

each trial vector, as well as applying the frequency shifts, an approximate estimate of the damping

must also be applied, e.g. λtyp.

Fig. 3 shows the crowded choline region of the spectrum. In the basis set used here there are

five groups in this region with contributions from myo-inositol, taurine, choline, glycerophosphoryl-

choline and phosphorylcholine. The correct positions of the groups are shown in the figure. Only

an exhaustive search for the correct solution will find the best fit. Fig. 4 shows the corresponding

landscapes for Fig. 3 produced by frequency shifting each group past the signal. It is from these

landscapes that the minima are obtained to construct the permutation matrix.

The best candidate solution, and therefore the obvious choice, is defined as that which has

the lowest residual. However in some cases metabolites may have identical groups (e.g. the choline

singlets) and so the number of solutions is ambiguous (two trial vectors give the same result). When

this analytically-unsolvable ambiguity occurs, the “best” solution is that which has the smallest

total shifts, this being the most likely in the general case (pick the trial vector with the smallest

||∆ω||). This is one of the reasons for the collision offset ψd in [16].

Finally the values of λ and fine frequency adjustment are performed simultaneously through the

use of a standard global optimisation algorithm (23). This simultaneous adjustment is necessary

to take account of the interference between peaks; crucially however the combinatorial approach

of different sets of minima ensures that the starting point of the frequency parameters is correct.
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It may also be necessary to truncate points at the start of the FID when estimating the damping,

in order to allow any lipids to decay first (11). In much of our experimental data 1000 points

were discarded to allow the lipid to decay. This loss of points clearly reduces the SNR, and some

smaller peaks may no longer be visible as a result of this. Crucially however the frequencies of each

peak have largely been determined in the method described above. The columns G are updated to

reflect the parameters just estimated:

G[n, d] = Ĝ[n, d] exp ((j∆ωd − λd)n∆t) for d = 1, 2, . . . , b [17]

2.3.1 Technical Details of Implementation

Each landscape vector will typically have a different number of minima, but if this is assumed to

be constant then it is necessary to evaluate the identification equation for ≈ mb trial sets, where m

is the number of minima. For large complex segments this results in numbers of trial vectors that

are too big to be practical. To reduce the number of evaluations of [14] it is necessary to select only

a subset of minima from those available. In the experiments described here, the nearest Θ ∈ N

minima were used, where nearest refers to the smallest frequency shift from the original position

after simulation. The accuracy of the algorithm can sometimes be improved by permitting more

minima to be considered.

An alternative minima selection scheme would be to pick only a few of the biggest minima in

each landscape, rather than those representing the smallest shift. This may make the algorithm

more robust to real data where there are many very small minima throughout the landscape due

to the noise.

2.4 Iterative Improvement of Basis Set

Following the adjustment of all segments, the basis set is re-simulated and synthesised at the new

frequencies just determined. This is to allow for strong-coupling interactions between the groups

to be taken into account within the simulation and, as an additional benefit, allows for the effects

of receiver dead-time. The algorithm then repeats the previously described process, using the new

basis set, for as many iterations as deemed necessary by the user. Typically, for weakly-coupled

signals the parameters converge within only one or two iterations; for the more strongly-coupled

such as glutamate typically five or six iterations are needed before convergence is achieved.

Iterations improve both the damping and frequency estimates of all groups. On the first itera-
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tion, if no groups are assumed to be in the correct position, the cumulative effect of the interference

may be significant. Once groups have been adjusted for each segment, their subtraction from the

signal on subsequent iterations will lead to an improved optimisation landscape for the identification

equation.

In order to increase speed, the frequency range on all subsequent iterations can be reduced,

since the frequency of the groups is assumed to be approximately correct after the first iteration.

Note that no re-simulation takes place on the final iteration before quantitation. This is because

the values produced from the optimisation process are intended to match the current basis set.

2.5 Final Quantitation

One of the advantages of considering each metabolite to be composed of groups is that those parts

of the signal which did not fit well can be discarded from the quantitation. This may be the case if

one of the groups is in a particularly crowded segment of the spectrum. The simple criterion used

here is whether the value of λ for a particular group is λmax; if so then since this is an unlikely

value, the group signal is set to zero before being used in the metabolite. This procedure also means

that those metabolites present in the basis set but not in the signal will be removed, since in the

absence of a component to fit to, their damping attains the maximum value. After the columns of

G have been damped and shifted to match the signal it is necessary to adjust the phase of each

group before summing them as in [8] to form the metabolite signal. The fact that the phase is

computed from each group means that any frequency dependent phase shift present in the original

signal will also be present in the basis. In the ideal case with all parameters perfectly estimated

and no dead-time at the start of the signal all the phases would be zero; but this is seldom the

case for real-world data. The phase term is computed from the least-squares estimate of the group

amplitudes, â = G+y:

φi
k = arctan

(

Im{âi
k}

Re{âi
k}

)

[18]

and the metabolite signal is formed from the adjusted basis set as in [10]. Estimates of metabolite

amplitudes are computed using [2].
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2.6 Experimental Methods

2.7 Application to MAS 1H NMR of Cell Lines

To assess the effects of baseline, noise and lineshape imperfections the algorithm was run on a set of

54 1D pulse and acquire MAS spectra taken on 14 neuroblastoma cell lines each with three or more

repeats. Cells were grown to confluence in single 75 cm2 flasks and were harvested by removing

the medium and washing the cells three times whilst still adherent to the flask with 3 ml of ice

cold phosphate buffer solution. The cells were then removed from the flask using a manual scraper

and centrifuged at 250g for 6 minutes to form a pellet which was snap frozen in liquid nitrogen

and stored at −80oC. Just prior to MAS 1H NMR the cells were defrosted and 36µl pipetted into

a wide mouthed Zirconium sample tube (Varian Inc, USA) and 4µl of 10mM TMSP dissolved in

D2O was added as a chemical shift standard.

Spectra were acquired on a Varian 600 MHz spectrometer fitted with an Inova console and

a 4mm gHX nanoprobe. A simple 1H pulse sequence was used consisting of a one-second pre-

saturation pulse for water suppression and then a 90o pulse followed by acquisition of 16384 complex

points at a sampling frequency of 7198.19 Hz corresponding to 12 ppm. 256 transients were acquired

to provide good SNR giving a total experiment time of 14 minutes. The SNR (in dB) is defined as

ten times the log to base ten of the ratio of the square of the biggest peak’s height in the magnitude

spectrum, to the variance of the noise in an unoccupied part of the magnitude spectrum. The

sample was spun at 2500 Hz and the probe head temperature was regulated at 0.1oC. Baring air

was cooled to −10oC and drive air was supplied at room temperature. These conditions were found

to give a consistent methanol calibrated temperature of 6.7oC inside the rotor.

The basis set was constructed to have frequencies relative to the frequency of the TMSP peak

(defined to be at 0 ppm). Prior to fitting, the lipid and macromolecule content of the signal was

suppressed by truncating the first 1000 points of the FID (step one of the method as in (11)). The

fit parameters used were: fmax = 0.003 ppm, λmin = 0 Hz, λtyp = 6 Hz, λmax = 20 Hz, Θ = 10,

tolseg = 0.05 ppm. The algorithm typically ran for ten minutes per sample on a SUN Microsystems

V240 dual 1.28GHz CPU computer.

2.8 Application to Simulated Data

In order to test in a controlled manner the ability to tolerate chemical shift perturbation, the

method was tested by fitting to a simulated spectrum constructed from 18 metabolites. Each
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group of each metabolite in this spectrum was shifted by a Gaussian distributed random number

with lower and upper limits of −0.02 ppm and +0.02 ppm, concordant with the typical size of a

“bucket” in spectral partitioning techniques (e.g. (24)). Our experiments indicate that these limits

are of the same order as those seen in cell-line spectra. Different trials were made for different

variances of the perturbation.

The signal was then analysed using exactly the same basis set that was used to construct it,

except that no knowledge of the frequency perturbation was available. With the exception of

phosphorylcholine all the metabolites had unit amplitude. The amplitude of phosphorylcholine

was increased significantly so that the simulated spectrum exhibited one of the most troublesome

features of real spectra; a large peak sitting in the middle of many smaller peaks. This problem is

also demonstrated by the presence of glutamate, glutamine and NAA. Results are shown in Table 1.

The simulated spectra were calculated at 16384 points, with a transmitter frequency of 599.8 MHz

and a sampling frequency of 7198.19 Hz, using a pulse and acquire sequence. All groups were

damped using λ = 4 Hz. The basis set was segmented using tolseg = 0.05 ppm which resulted in 13

segments. All segments used Θ = 5 when computing candidate solutions; except for the trouble-

some segment in the choline region (Θ = 9) and the obviously complicated glutamate/glutamine

region (Θ = 11). The other fit parameters used were: fmax = 0.003 ppm, λmin = 0 Hz, λtyp = 3 Hz,

λmax = 20 Hz.

3 Results and Discussion

3.1 Application to MAS 1H NMR of Cell Lines

Fig. 2 and Fig. 3 show results of a fit to one of the neuroblastoma cell lines; the in-phase and

visually acceptable nature of the fit are good indicators of the success. For the data analysed, SNR

values were in the range 50dB to 75dB and this appeared to have little effect on the success of the

overall fit. Groups with a SNR of as low as 42dB were seen to fit. Of the 54 spectra quantitated, 51

had a clearly discernible, well separated creatine peak and this was chosen to determine the initial

shift ζ. In the remaining three spectra phosphorylcholine was used to compute ζ as creatine was not

present. Of the 18 metabolites in the basis set, an average of 93% were fit correctly per spectrum,

where “correct fit” means that metabolites present were well fit and metabolites not present were

correctly discarded. Based on visual examination of the spectra and their fits it appears that the

reason for the 7% failure is due to deviations from the ζ + χi
k model of [11]. The success rate of
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93% indicates that [11] is clearly a good approximation and is satisfactory for this application.

A minor problem for the fitting of strongly coupled chemicals is that temperature dependent J-

coupling variations are more pronounced. This did not cause significant problems for the data used

here, but it may be necessary to obtain J-coupling data for certain metabolites at temperatures

significantly different from those presented in (22).

Fig. 5 demonstrates the general validity of the shift model presented in this work. The initial

offset shift is present in all the shifted peaks, as can be seen in the figure. On top of this shift,

there is also a much smaller shift (not so visible in the figure) that is unique to each peak.

Fig. 3 shows one of the significant benefits of the combinatorial approach initialisation of the

shifts passed to the optimiser. It would be difficult to quantify correctly the groups of myo-inositol

and taurine shown (at approximately 3.26 ppm). The combinatorial method ensures that the

optimiser gets the shift positions corresponding to the correct peak positions, so that the damping

can correctly be computed. Fig. 3 also shows that the method is tolerant to an overcomplete basis

set. In the basis set used to analyse this spectrum, both phosphocreatine and creatine were present.

In the fit, phosphocreatine has successfully been removed (by the damping criteria), despite the

fact that it is close to creatine.

Fig. 2 shows the ability of the method to fit to strongly coupled signals even in the presence

of broad overlapping signals. The re-simulation of the glutamate and glutamine basis vectors at

each iteration of the simulation ensures that the heavily chemical-shift-dependent multiplets match

the signal. Fig. 2 also shows that the algorithm is robust to the presence of small components

of the signal that are not present in the basis set. In the case of bigger peaks that are not in

the basis set and not well separated from other components of the spectrum, the fit will almost

certainly not work in that segment. For example, the removal of phosphorylcholine from the basis

set used in Fig. 3 would result in that peak being assigned to glycerophosphorylcholine and the

true glycerophosphorylcholine peak being unassigned. Additionally, the taurine group would have

an increased amplitude due to the unaccounted for parts of the signal. A solution to this is to

reduce fmax so that groups cannot move to occupy an incorrect position, however this reduces

the maximum possible value of ξi
k and hence the applicability of the method to spectra with large

chemical shift perturbations. Any choice of fmax must be a compromise between the completeness

of the basis set and the maximum value of ξi
k present in the data.
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3.2 Application to Simulated Data

The results shown in Table 1 are promising; they indicate that the method is robust to frequency

perturbations. Clearly though, as the shifts get bigger the variance of the estimates increases and

the accuracy is reduced for a given Θ. Given more minima, the accuracy can be increased and even

bigger shifts tolerated, but at the cost of computation time. One way of improving the speed of

the algorithm would be to parallelise the evaluations of the identification equation for sets of the

trial vectors. This is possible since each operation does not depend on the result of the previous

and would clearly lead to a speed improvement due to the exponential complexity of the problem.

This is well suited to most types of computer clusters since the amounts of data to be transferred

are minimal.

The algorithm in the form presented makes the assumption that the basis set is nearly-complete,

i.e. most of the signal can be accounted for in the basis set. In the case when the basis set is

undercomplete it is proposed that the basis set should be augmented with singlets obtained by one

of a number of “peak-picking” algorithms, e.g. (8, 12) for the initial analysis. This is necessary to

ensure that the interference from the unknown components does not have an adverse effect on the

known compounds. The basis set could then be expanded by determining the parameters of the

next metabolite and adding it for subsequent analyses.

In the case when the basis set is overcomplete, i.e. there are more metabolites in the basis

set that there are in the signal, it is proposed that the backward greedy optimal basis selection

algorithm (25, 26) should be used in between iterations to prune unwanted components. This

algorithm could also be used to rank metabolites in terms of how much signal they account for, as

an approximate guide in interpretation.

Unlike algorithms with an experimentally acquired basis, the simulation parameters can be

optimised for each experiment. A potential future improvement could be to alter the model function

of the basis set to account for poor shimming, lineshape deviations, etc.

4 Conclusion

In conclusion, an algorithm was presented, which described the generation of a basis set with

sufficient degrees of freedom for it be matched to a measured signal. This extra freedom was

obtained by dividing each metabolite signal into groups of magnetically equivalent spins to form

a new basis. A novel method of adjusting the basis to match the signal undergoing analysis was
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described, based on converting the standard continuous multi-dimensional optimisation problem

into a combinatorial one. Results were presented that show the method gives a reliable fit for real

data with variable levels of noise, baseline imperfections and incompleteness of the basis.
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Table 1: Amplitude of each metabolite expressed as a mean value determined from 10 runs per

variance (σ2) of the frequency perturbation. The correct amplitude of each metabolite should be

1.00, with the exception of phosphorylcholine which was 8.00. Note that in order to achieve results

in a feasible time the number of groups in both glutamate and glutamine was reduced from five

to three by combining groups that were very close. The “var. ” column shows the variance of the

amplitude estimation over the 10 runs.

Metabolite σ2 = 1 Hz σ2 = 2 Hz σ2 = 3 Hz σ2 = 4 Hz σ2 = 5 Hz

mean var. mean var. mean var. mean var. mean var.

glutamate 1.00 0.00 1.00 0.00 1.01 0.00 1.04 0.02 1.02 0.06

glutamine 1.00 0.00 1.02 0.00 0.94 0.02 1.05 0.02 1.01 0.04

acetate 1.00 0.00 1.00 0.00 1.00 0.00 1.00 0.00 1.00 0.00

alanine 1.00 0.00 1.00 0.00 1.00 0.00 0.99 0.00 1.00 0.00

aspartate 1.00 0.00 0.99 0.00 1.01 0.01 1.05 0.02 1.02 0.01

choline 1.00 0.00 1.00 0.00 1.63 3.89 2.07 5.33 2.22 4.32

creatine 1.00 0.00 1.01 0.00 1.02 0.00 1.07 0.02 1.08 0.07

glycerophosphorylcholine 1.00 0.00 1.70 4.90 3.15 11.26 2.37 4.94 4.29 14.13

glycine 1.00 0.00 1.05 0.06 1.23 0.34 1.52 0.45 1.46 0.43

lactate 1.00 0.00 1.00 0.00 1.00 0.00 1.08 0.05 1.23 0.17

myo-inositol 1.00 0.00 1.02 0.00 1.01 0.01 1.06 0.01 0.97 0.01

NAA 1.00 0.00 1.07 0.05 1.00 0.00 1.23 0.15 1.07 0.02

phosphocreatine 1.00 0.00 1.04 0.02 1.02 0.00 1.16 0.31 1.15 0.08

phosphorylcholine 7.99 0.00 7.29 4.94 5.30 11.87 6.34 9.13 5.39 9.86

succinate 1.00 0.00 1.05 0.03 1.00 0.00 1.05 0.03 1.14 0.18

taurine 1.00 0.00 1.00 0.00 1.00 0.00 1.00 0.01 1.06 0.01

threonine 1.00 0.00 1.00 0.00 1.11 0.05 1.12 0.10 1.16 0.11

TMSP 1.00 0.00 1.00 0.00 1.00 0.00 1.00 0.00 1.00 0.00
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FIG. 1: The stages of the TARQUIN algorithm.
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FIG. 2: The fit to a spectrum from a neuroblastoma cell line, in the region 2.5 ppm to 1.9 ppm.

The glutamate and glutamine metabolites are particularly difficult to quantitate by hand due to

the complexity of the multiplets. The height of the experimental spectrum’s baseline is due to a

combination of poor intial points and lipids and macro-molecules.
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FIG. 3: The 3.6 ppm to 3.0 ppm region of the spectrum in Fig. 2. The three choline-based

metabolite singlets in their correct position demonstrate the use of the smallest-shift criteria when

generating the starting point ∆ω for the optimiser.
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FIG. 4: The landscapes used to generate the values of ∆ω passed to the optimiser. Note the three

larger minima in each of the cholines’ landscapes corresponding to the location of each of the three

singlets with the large phosphorylcholine peak.
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FIG. 5: Two fits of the same part of the spectrum for two different neuroblastoma cell line spectra

demonstrating the shifting of groups. The dotted line indicates that same chemical shift in both

spectra. The fit is shown in thick dark grey, the original signal in black and the residual is plotted

above the signal and fit in both cases.
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