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Abstract

Due to its highly reproducible and quantitative nature, and minimal requirements for sample
preparation or separation, 1H nuclear magnetic resonance (NMR) spectroscopy is widely used for
profiling small-molecule metabolites in biofluids. However 1H NMR spectra contain many
overlapped peaks. In particular, blood serum/plasma and diabetic urine samples contain high
concentrations of glucose, which produce strong peaks between 3.2 ppm — 4.0 ppm. Signals from
most metabolites in this region are overwhelmed by the glucose background signals and become
invisible. We propose a simple “Add to Subtract” background subtraction method, and show that
it can reduce the glucose signals by 98% to allow retrieval of the hidden information. This
procedure includes adding a small drop of concentrated glucose solution to the sample in the NMR
tube, mixing, waiting for an equilibration time, and acquisition of a second spectrum. The glucose-
free spectra are then generated by spectral subtraction using Bruker Topspin software. Subsequent
multivariate statistical analysis can then be used to identify biomarker candidate signals for
distinguishing different types of biological samples. The principle of this approach is generally
applicable for all quantitative spectral data and should find utility in a variety of NMR-based
mixture analyses as well as in metabolite profiling.
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Introduction

Metabolomics, also referred to as metabonomics? or metabolic profiling, is the study of the
concentrations and fluxes of small molecules in biological systems in different states.
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Metabolomics provides an indispensable complement to the fields of genomics and
proteomics for understanding complex biochemical networks and for providing insight to
many important problems, such as human disease diagnosis, prognosis and therapeutic
development.2-13

Nuclear magnetic resonance spectroscopy (NMR) and mass spectrometry (MS) are the two
major analytical techniques used in the field of metabolomics to characterize many
metabolites in parallel and deliver a wealth of information with high throughput.6: 14-20
NMR provides highly reproducible and relatively easily quantified data,?!: 22 and usually
requires minimal or no sample preparation or separation. NMR analysis is also non-
destructive to the sample. Extensive application of 1H NMR has been focused on the study
of small molecules in biofluids to solve various problems in metabolomics. Urine and blood
serum/plasma are the most studied, because they both contain hundreds to thousands of
detectable metabolites and can be easily obtained.> 15 23 Typically, a urine or blood 1H
NMR spectrum can be acquired within a few minutes, and several tens of metabolites can be
identified and quantified. The application of multivariate statistical pattern recognition
methods to *H NMR spectra of biofluids has greatly improved the ability to extract useful
information such as potential biomarkers of disease.

The *H NMR-based metabolomics is however seriously limited by the spectral complexity
and overlap. In a typical H NMR spectrum, signals are observed between 0 ppm and 9 ppm
and most of them are crowded into two spectral regions that roughly span 5 ppm (0.8 — 4.4
ppm, 6.8 — 8.0 ppm). Due to serious signal overlap, the identification and quantification of
certain metabolites of interest often becomes impossible even with the help of chemometric
methods.24-28 2D NMR experiments29-39 provide extra resolution, reduce the overlap and
partly circumvent this bottleneck, however they are typically lower in either sensitivity or
throughput. An alternative is to use selective TOCSY experiments;2’: 28. 39 however, these
experiments usually detect a few targeted metabolites.

D-Glucose, a six-carbon monosaccharide, is probably the most important and most studied
carbohydrate in biology. Produced through photosynthesis by living plants, D-glucose
serves as the energy source for living cells of both prokaryotes and eukaryotes through
oxidative metabolism. Since L-glucose does not occur naturally and has no biological
activity, D-glucose is very often referred to as glucose. Upon dissolution in water, glucose
starts to form hemiacetal ring structures; equilibrium is then established between o-D-
glucopyranose and -D-glucopyranose. As the result, 36% of the glucose is in a-form, 64%
is in p-form and 0.02% is open-chain. Multiple J-couplings exist among the 1H nuclei in all
forms of glucose and produce very complicated 1H NMR signals.# Since the concentrations
of glucose in human blood (3.9 - 6.1 mM)*! and diabetic urine samples (~ 10 mM)*2 are
much higher than the concentrations of most other metabolites, the spectral region of 3.2 -
4.0 ppm is usually dominated by glucose signals. The signals of other metabolites in this
region therefore cannot be well studied, unless the glucose signals can be removed or
sufficiently suppressed. Similar situations are seen in the 1H NMR spectra of fruit juice,
wines, milk and tissues.

Solvent suppression has been an important topic in 1H NMR sequence development. Most
solvent suppression methods can successfully reduce the signal of water by more than 1000-
fold and allow the detection of analytes at pM levels.#3-46 These methods are based on the
difference between the resonance frequencies of solvent and solute, although differences in
relaxation times have been used as well. The application of solvent-suppression type pulse
sequences that could remove the glucose background would also remove the signals of
interest.
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Options to achieve the goal of removing glucose signals without affecting other signals
include the physical removal of glucose from the sample and background subtraction.
Modern separation techniques such as ion chromatography and capillary electrophoresis can
separate glucose from the rest of the biofluid.4” However, this approach would involve
various sample treatments to meet the compatibility requirements of the separation method
and likely a solvent change following the separation to ensure good quality NMR spectra.
Along with the separation, these steps add to the complexity and labor involved in the
analysis, greatly reduce the throughput, and introduce more errors into the spectral data.
Using certain compounds or microorganisms to consume glucose through chemical or
biological processes is likely accompanied with the production or consumption of other
small molecules and can impact the results unpredictably.

A background subtraction that has been widely used for acquiring UV-Vis, IR and Raman
spectra would seem to provide an easier and faster solution. The removal of complex signals
from the NMR spectrum is however quite different from its conventional counterparts in
optical spectroscopy. Because of the slow relaxation times in NMR (measured in seconds
instead of picoseconds), IH NMR signals have very narrow line widths in contrast to UV-
Vis and IR signals, usually a few Hz that correspond to less than 0.01 ppm for a typical
modern NMR spectrometer. This characteristic makes NMR spectral subtraction very
sensitive to small variations in frequencies and line shapes. These small variations, mostly
related to matrix effects, compromise the conventional background subtraction approach that
uses the spectrum of a standard glucose sample, and produce artifacts of considerable levels.
In contrast, we report an improved background subtraction method to effectively reduce the
glucose signals by approximately 98%, and thereby reveal the signals of other metabolites in
the spectral region of 3.2 — 4.0 ppm. This approach can be applied broadly and should aid in
a number of spectral analysis problems in NMR.

Theoretical Background

The proposed approach “Add to Subtract” is based on the insight that the background peaks
from an analyte such as glucose can be distinguished from other signals by (1) adding the
analyte to the sample, and (2) computationally interpreting the difference between the NMR
spectra with and without the added analyte. The approach assumes that the external
introduction of the background analyte does not change the sample matrix, and therefore
does not change the line shapes and the frequencies of the signals. This can be achieved
experimentally by adding highly concentrated analyte, preserving constant buffer
concentrations, and using the same NMR tubes for both samples.

The proposed mathematical interpretation of the acquired spectra is as follows. We denote I;
as the intensity of the spectrum of the original sample at a frequency i. In regions of the
spectra where the signals from glucose and from other metabolites overlap, the intensity can
be decomposed into the contributions of these sources as in Eqn. 1, where G; are the
contributions of glucose, and M; are the contributions of other metabolites and the main
quantities of interest. gj are the independent non-systematic stochastic deviations from the
signals, i.e., noise.

I=G+M;+¢; &)
We then denote I;' as the intensity at frequency i of the spectrum of the sample with added
glucose. The intensity is now decomposed as in Eqn. 2, and is affected by a factor a, which

represents the added background analyte. It is also affected by a factor b, which represents a
possible slight change in the sensitivity between the two 'H NMR spectra due to the tiny
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changes in sample volume and instrument variation. €'; are the independent non-systematic
stochastic deviations in the second spectrum.

[,=b(aG;+M;)+&;, where a>1 and b ~ 1
The factors a and b are assumed constant across all i. If they were known, the signals of
interest could be determined by combining the systematic parts of Eqn. 1 and 2, eliminating
G; and solving for M; to yield

. abl; - T
M= '
bla—1)

where ‘*” indicates that the quantity is estimated from the data. In practice a and b are
unknown, and also need to be estimated from the spectra. This can be done using regions of
the spectra with no glucose, and with the signal from glucose alone, as follows.

To estimate b, consider a set Met of frequencies i with metabolite signal only. In these
regions, Egn. 1 and 2 simplify to

Li=M;+g; and [,=bM;+¢,
The factor b can be estimated using a standard least squares procedure, which minimizes the

sum of the squared distances between the systematic parts of the two spectra over all the
frequencies.

E:arg min [ Z (b[,- _ 1;)2]

b ieMet
To estimate a, consider a set Glu of frequencies i with glucose signal only. In these regions,
Eqgn. 1 and 2 simplify to
Ii=G;+g; and I,=baG;+¢,

The factor a can now also be estimated by the least squares procedure, while plugging in the
estimator b from Eqn. (5)

a=arg min| Z ((1515 .y )zj

i€Glu
As the result, the final estimate of the metabolite signal M; is obtained as
_ abli -1,
Mi==
ba-1)

and the final estimate of the glucose signal G; is obtained as

_ _ I -bl
Gi=I, - Mi==
ba-1)
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In practice, manual iterative fitting was used rather than least squares regression because of
the extraordinary linear detection of 1H NMR across the entire spectral width. Manual fitting
does not estimate the individual values of a and b, but the values of ab and b(a — 1) to yield
the “glucose-free” spectrum. The spectrum of the original sample was scaled by a factor z

interactively to minimize glucose signals zl; — Ij' (i € Glu) in the difference spectrum. The
minimum was reached when z = b,
Z=arg fnin]_ Z (in - I;)J (10)

i€Glu

and the spectral intensities at all frequencies with signals of other metabolites present then
became b(a — 1)M.

2L — [=b(@— 1)Mj(i € Mer) (11)

The scaling effect of b(a — 1) was easily removed by a normalization step with respect to a
clean signal not overlapping with glucose signals, such as the chemical shift reference. This
iterative fitting procedure was done using Bruker spectrometer software Topspin without the
need of additional software. More details are provided in the experimental section.

Experimental Section

Chemical and Biological Samples

Potassium phosphate monobasic, potassium phosphate dibasic, D-(+)-glucose were
purchased from Mallinckrodt Baker Inc. (Phillipsburg, NJ); deuterium oxide was purchased
from Cambridge Isotope Laboratories (Andover, MA). Other chemicals were obtained from
Sigma-Aldrich Co. (St. Louis, MO). All chemicals were used without further purification.
Sample set 1: A human urine sample from a healthy volunteer was obtained in accordance
with the Institutional Review Board protocol at Purdue University, and was diluted five-
fold; glucose was added to reach 10 mM in order to mimic a typical sample of a subject with
diabetes. Sample set 2: A human serum sample was purchased from Innovative Research
(Novi, MI) and aliquoted. One aliquot was used without further processing for CPMG
experiments. For comparison, proteins in a second aliquot were removed by adding
methanol to the serum in a 2:1 (v/v) ratio, vortexing and incubation at —20 °C for 20 min.
After centrifugation at 13200 g for 10 min, the clear supernatant was dried in vacuum and
then re-dispersed in water. Sample set 3: A human urine sample from a healthy volunteer
was obtained in accordance with the Institutional Review Board at Purdue University.
Sodium azide was added to every sample to result in a 0.1% (wt. /vol.) concentration in
order to inhibit bacterial growth. All samples were stored frozen at —80 °C until analyzed.

NMR Spectroscopy

All NMR experiments were carried out on a Bruker DRX-500 spectrometer equipped with
an inverse room temperature triple axis gradient probe operating at 298 K. Urine samples
were analyzed using water pre-saturation (Pre-Sat). Serum samples were analyzed using the
Carr-Purcell-Meiboom-Gill (CPMG) sequence. The inter-scan delay/Pre-Sat time was 3 s,
the spectral width was 5 kHz; and the size of the FID was set to 64 k points unless otherwise
noted. The number of scans (64), receiver gain, and excitation pulse angle (45° for Pre-Sat
experiments, 90° for the CPMG experiment) were kept the same for all samples. The CPMG
pulse sequence consisted of 100 spin echoes of 500 us each. To ensure good quality spectra,
every sample was manually tuned and matched to minimize the RF reflection, and then
automatically shimmed three times using gradient 1H shimming after the predefined shim
file was loaded.
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Experimental Procedure for “Add to Subtract”

Phosphate buffer (1 M, pH = 7.4) was added to all biological samples to reach a final
concentration of 100 mM, and D,O containing 0.5 mM 3-(trimethylsilyl)-1-propanesulfonic
acid-dg sodium salt (DSS) was added to reach a final concentration of 10% (v/v). Glucose
stock solution (2.5 M) was made with the same concentrations of phosphate buffer and D,O.
The TH NMR spectrum of a glucose-containing sample (serum or urine) was first acquired
to find the glucose level. An appropriate volume of 2.5 M glucose stock solution was then
added to the sample in the 5 mm standard NMR tube to roughly double the glucose level.
The NMR tube was then capped, inverted and shaken a few times and set at room
temperature for at least 2 hrs to equilibrate different forms of glucose (which interconvert
according to the glucose mutarotation kinetics). A second TH NMR spectrum was then
acquired with the same settings. Both spectra were phase- and baseline-corrected and then
superimposed under the “multiple display” mode of Bruker Topspin 3.0 program with their
difference spectrum displayed. The spectra were aligned with respect to the glucose signal at
3.83 ppm; a scout scaling (increase the intensity of the first spectrum until the difference
spectrum showed no negative signals) then removed the majority of glucose signals and
spectral regions with glucose components only were visually determined. After magnifying
these regions, the residual glucose signals were further reduced by fine shifting and scaling.
The resulted difference spectrum was saved as the “glucose-free” spectrum, and thus
provided the value for “z” as described in the Theoretical Background section. This
subtraction procedure is shown in Scheme 1. Similarly, the spectrum of “glucose in the
biological sample” can be obtained by minimizing the signals of other metabolites in the
difference spectrum, and thereby provides the scaling factor “b”. For quantitative analysis of
the Sample Set 3, the difference spectra were normalized with respect to the internal
standard using MestReNova 5.3.1 (Mestrelab Research SL, Santiago de Compostela, Spain)
to account for the scaling during the generation of the difference spectra; and saved in the
format of ASCII text for statistical analysis. NMR signals were tentatively assigned based
on chemical shifts and confirmed using spiked synthetic standards.

Subtraction of Glucose Background Through Interactive Curve-fitting

The phased and baseline corrected spectrum of a glucose-containing sample was processed
using Chenomx NMR Suite Processer to calibrate its shim and chemical shape profile based
on the signal of DSS. The file was saved and opened in Chenomx NMR Suite Profiler for
removal of glucose signals. The concentration and cluster frequencies were first
automatically fitted and then fine-tuned manually for the best subtraction result.

Subtraction of Glucose Background Using a Pure Glucose Spectrum

The H NMR spectrum of a 5 mM glucose solution with the same added contents (0.1%
sodium azide, 100 mM phosphate buffer, 10% D,0, 0.05 mM DSS) as the glucose-
containing biological sample was acquired. After phasing and baseline correction, the two
spectra were superimposed along with their difference spectrum displayed. Similar to the
“Add to Subtract” procedure, the glucose signals in the difference spectrum were minimized
by interactively shifting and scaling the pure glucose spectrum; the resulting difference
spectrum was then saved as the “glucose-free” spectrum.

Principal Component Analysis

The IH NMR spectra of each data set were aligned with respect to the internal reference
DSS signal. The full resolution spectral data points between 3.15 ppm and 4.0 ppm, where
most glucose signals appear, were mean-centered and subject to principal component
analysis (PCA) using EigenVector PLS_ToolBox software package (Version 4.1.1,
Eigenvector Research, Inc., Wenatchee, WA).

Anal Chem. Author manuscript; available in PMC 2013 January 17.
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Results

We evaluated the performance of the proposed approach “Add to Subtract” on three sets of
ad-hoc biological samples with known components.

Sample set 1, human urine

An ad hoc sample was created artificially from a urine sample of a healthy individual. It was
diluted, and mixed with a high concentration of glucose, to mimic a typical urine sample of
a diabetic patient. The IH NMR spectrum of this sample is shown in Figure 1(a). A well-
performing method will correctly remove the background glucose and correctly uncover the
spectrum of the diluted urine sample free of glucose shown in Figure 1(b), which is
therefore viewed as the control.

Figures 1(c)—(e) compare the performance of “Add to Subtract” to the performance of direct
background subtraction using a pure glucose spectrum, or using a curve-fitted glucose
spectrum by Chenomx. As can be seen, approximately a 98% reduction of the glucose
signals (estimated from the residues at 3.9 and 3.5 ppm) was achieved, which produced a
spectrum highly similar to the control spectrum. This was more than ten times better than
the results from direct subtractions using a pure glucose spectrum, or a curve-fitted glucose
spectrum generated using Chenomx, in which the residual glucose signals were 10% to 50%
of the original levels, and still overshadowed all other signals in the same region.

The key to the successful background subtraction observed in Figure 1(c) was the almost
identical chemical shifts and line shapes of glucose signals in the two spectra used by “Add
to Subtract.” In order to achieve optimal results, special care was taken to produce highly
similar sample matrices and minimize possible variation. First, a concentrated glucose
solution (2.5 M) was used to spike the samples, rather than a diluted glucose solution or
glucose crystals, such that the sample volume and concentrations of other metabolites did
not vary by more than 0.5%. Second, the concentrations of buffer and DO were the same
for all samples and the glucose solution. Third, the same NMR sample tube was used for
acquiring the two spectra for each biological sample. And fourth, the magnetic field was
automatically shimmed using 1H gradient shimming three times to achieve nearly identical
line shapes for the two spectra.

High spectral resolution was also found to be a critical factor in obtaining good results. To
gain insight into the impact of spectral resolution, we re-applied the procedure to the same
two FIDs utilized by “Add to Subtract” above, but processed at different digital resolutions.
As shown in Figure 2, the 16 k and 8 k data sizes of the 5 kHz spectra did not provide
enough resolution (3.2 and 1.6 spectral data points per Hz, respectively) for optimal glucose
background removal. At the low resolution, there were too few data points to allow accurate
alignment of signals; therefore subtractions were performed between data points at different
frequencies. When the digital resolution was raised to 32 k or above, the intensities of
residual glucose signals were reduced by 60-90%. The higher resolution provides a more
accurate and precise signal depiction and results in better alignment for spectral subtraction.

Sample set 2, human serum

The second set of ad hoc biological samples were used to evaluate the ability of the method
to subtract the background in serum. A major difference between blood and urine samples
for NMR analysis is that blood contains large concentrations of macromolecules such as
proteins and lipids, and the macromolecules produce broad lines in the 1H NMR spectrum.
The signals of small-molecule metabolites bound to macromolecules are also subject to
broadening. Two experimental approaches allowed us to address these artifacts. First, the
proteins can be effectively removed from serum samples using various precipitation or
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filtration methods. Second, the CPMG pulse sequence suppresses the broad lines, and is the
more convenient choice for acquiring the spectra of small-molecule metabolites in serum
samples.*8 Spectra acquired using these two approaches are generally quite similar;16
however some differences exist. For example, small molecules can be released during the
protein removal step and become visible by NMR.

Here we evaluate the performance of “Add to Subtract” using both the Pre-sat spectra of a
protein-precipitated sample and the CPMG spectra of the intact sample. Figures 3 (a) and (e)
show that similar spectra were observed by protein precipitation and by protein signal
suppression. Since glucose is present in every serum sample, it is impossible to find a
natural glucose-free blood that can be viewed as a control. However, a successful
background removal should produce similar results for both Pre-sat and CPMG spectra, and
should have a low level of residual glucose signals and spectral artifacts. Figures 3 (b)—(d)
and (f)-(h) compare the performance of “Add to Subtract” to the performances of direct
subtraction and curve-fitted background subtraction for these spectra. In Figures 3 (b) and 3
(), it can be observed that “Add to Subtract” left much less residual glucose signal than
either the direct subtraction approach in Figures 3 (c) and 3 (g), or the curve-fitted
subtraction approach in Figures 3 (d) and 3 (h). Therefore, it is compatible with the CPMG
sequence and, although protein precipitation also provides excellent results, the protein
precipitation step is not required.

Sample set 3, multivariate analysis

The third set of ad hoc biological samples evaluates the impact of removing glucose signals
on the downstream multivariate statistical analysis. The set contains two groups of 5
samples. All the samples share a complex background of a urine sample from a healthy
subject. The five samples in Group 1 were spiked with N-dimethylglycine (DMG) to a final
concentration of 3.4 M * 4.8%, and the five samples in Group 2 were spiked with taurine
(135 pM = 9.2%) and trimethylamine-N-oxide (TMAO) (20 uM =+ 8.8%). All ten samples
were spiked with glucose (15 mM = 20%). IH NMR spectra from the samples were
processed with “Add to Subtract,” and then subjected to principal component analysis
(PCA). As a control, a duplicate series of ten samples were prepared in the same manner, but
free of any additional glucose.

Figure 4 compares the results of PCA for spectra of the control samples, and the glucose-
rich samples before and after background subtraction. As can be seen, the control and the
background-corrected set of samples are clearly separated along the first principal
component (PC1). The loadings of PC1 indicated that the signals of the three spiked
compounds (DMG, taurine and TMAO) drove the separation, and were accompanied with
very low levels of noise. In contrast, the glucose-rich samples without background
subtraction were not separated along PC1; the PC1 loading indicated a large variation in the
glucose signals, and signals of the spiked compounds were found along PC2 as secondary
variations with high noise levels.

Discussion

Spectral subtraction has been a widely used approach to remove interfering background
signals in spectroscopic analyses. The challenges in achieving a successful background
subtraction of glucose from NMR spectra are the slight changes in chemical shift and line
shape/width observed in a complex biological sample versus a buffered solution, which are
mostly due to a variety of matrix effects (pH, ionic strength, complex formation, etc.).
Standard addition is a common practice in many chemical analyses, including atomic
absorption spectroscopy (AAS) and gas chromatography (GC) analysis to eliminate matrix
effects and achieve accurate quantitation. The same concept was applied here to eliminate
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the matrix effect present in the 1H NMR signals of glucose. When more glucose is added to
the glucose-containing biological sample, glucose signals in the TH NMR spectrum will
show higher intensities but the same chemical shifts and line shapes. By careful subtraction
as described above, a difference signal can be obtained that is free of any glucose signal.
Because of the highly quantitative nature and very broad dynamic range inherent in 1H
NMR spectroscopy, only a single addition is sufficient, instead of a series of additions of
glucose. The difference between the two spectra containing different amounts of glucose is
therefore the spectrum of “glucose in the biological sample.”

Two alternative approaches can also provide the spectrum of “glucose in the biological
sample.” Selective total correlation spectroscopy (TOCSY) is a simple NMR experiment
that shows only the signals within a coupled 1H spin system.27: 28 |t provides spectra that are
quantitative measure of glucose as well as on other selected metabolites. However the line
shapes and widths of a selective TOCSY spectrum are quite different from those of a

simple 1H NMR spectrum. This makes the selective TOCSY spectrum of “glucose in the
biological sample” incompatible to the desired background subtraction. The second
approach is to simulate the glucose signals based on the chemical shift and line shape of a
clean signal that belongs to a reference compound such as TSP (3-(trimethylsilyl)propionic
acid-d,4 sodium salt), DSS (3-(trimethylsilyl)-1-propanesulfonic acid-dg sodium salt) or
formate in the same sample, along with the knowledge regarding signals of both glucose and
the reference compound in different sample matrices. This approach had been very
successful in identifying and quantifying metabolites.1® 49 However even after thorough
optimization of parameters, it is currently impossible to achieve a perfect match among all
the simulated and real signals as shown in Figures 1(e), 3(d) and 3(h). Nevertheless, we
expect that future algorithms and models will improve the performance.

For metabolite profiling applications, the effect of efficient background (glucose)
subtraction has been illustrated in Figure 4 for the case of PCA. A key issue for PCA and
other multivariate dimension reduction methods is that they tend to focus on large and
variable signals rather than weak signals. As biomarkers or metabolites of important
biological meanings are not always the large and variable compounds in biofluids, they are
very likely ignored. The high glucose background in the 1H NMR spectra of blood serum,
plasma and diabetic urine therefore not only hides signals of many metabolites in the spectra
but also dominates the statistical analysis by PCA. The removal of this background will not
only benefit the identification and quantification of low level metabolites but may also lead
to the discovery of additional biomarker candidates through multivariate statistical methods.

One limitation is the time it takes for glucose to reach its equilibrium among its different
isomeric forms (mutarotation), which is generally on the order of hours. This time can likely
be minimized by matching the temperatures of the sample and added glucose solution,
although we did not explore this approach in detail. For applications involving other high
concentration species this equilibration time would be different and typically not as long as
for glucose.

In conclusion, a simple method has been developed to remove the complex spectral
background from high levels of glucose in 1H NMR spectra of biofluids with high
efficiency. The reduction of the glucose background by 98% allows retrieval of many weak
signals in the region between 3.2 and 4.0 ppm. This method has been studied and evaluated
using human urine and blood serum samples, and its impact on multivariate statistical
analysis (PCA) has been demonstrated. Upon removal of the glucose background,
metabolite signals at uM levels can be identified in the corresponding spectral region either
in individual spectra or by using statistical methods. In this work, the subtraction has been
manually done in an interactive way, but can be fully automated by implementation of
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existing algorithms.?0: 31 Though only the removal of the glucose signals from biofluid 1H
NMR spectra has been demonstrated here, the “Add to Subtract” methodology can be
applied to the removal of other background signals from the 1H NMR spectra of various
complex mixtures. In fact, the concept is not limited to NMR spectroscopy but can be more
generally applied to many types of analytical methods providing quantitative spectral data.
We expect this concept of “Add to Subtract” to find numerous applications in the analysis of
mixtures.
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Figure 1.

Evaluation of the proposed NMR “Add to Subtract” approach on sample set 1. (a) Spectrum
of a diluted urine sample with a high concentration of glucose, that mimics a typical sample
from a patient with diabetes; (b) Spectrum of the original healthy sample (control); (c)
Spectrum in (a), after removing the glucose background by “Add to Subtract”; (d) Spectrum
in (a), after removing the glucose background by subtraction of a pure glucose solution with
the same buffer and D,O concentrations; (e) Spectrum in (a), after removing the glucose
background by semi-automatic curve-fitting using Chenomx NMR Suite 7.1.
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Figure 2.

Impact of spectral resolution on the performance of “Add to Subtract” on sample set 1. (a)
Spectrum of the original healthy sample (control); (b)—(f) Metabolite signal uncovered by
“Add to Subtract” for the original FIDs (64 k data size, 5 k Hz spectral width) with different
digital resolution. Spectra with the two lowest resolutions were enhanced by zero filling the
FID before Fourier transformation. The 16 k and 8 k spectra did not provide enough
resolution for correct glucose background removal.
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Figure 3.

Evaluation of the proposed “Add to Subtract” approach on sample set 2. (a) Pre-sat spectrum
of the protein-precipitated human blood serum; (b) Spectrum after removing the glucose
background by “Add to Subtract”; (c) Spectrum after removing the glucose background by
subtraction of the spectrum of a pure glucose solution; (d) Spectrum after removing the
glucose background by semi-automatic curve-fitting using Chenomx NMR 5.1 professional;
(e) CPMG spectrum of an intact serum sample without protein preciptation; (f)—(h): results
of background subtraction, as in (b)—(d), but applied to the spectrum in (e); (i): a magnified
view of (b) with peak assignments. Subtraction using Chenomx NMR Suite 7.1 evaluation
resulted in spectra similar to (d) and (h), but with higher residual glucose signals.
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Evaluation of the proposed “Add to Subtract” approach on the urine spike-in (with added
TMAO, DMG and taurine) sample set 3. Results of PCA for (a) spike-in control samples;
(b) glucose-rich spike-in samples of interest before background subtraction; and (c) glucose-
rich spike-in samples of interest after “Add to Subtract.”
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“Add to Subtract” interactive spectral subtraction. 1: The two spectra acquired before (blue,
middle) and after (red, upper) adding external glucose to the biological sample were
processed using the Bruker Topspin program multiple display mode with their difference
spectrum (green, lower) displayed. 2: The two spectra were superimposed. 3: By
interactively scaling and shifting the spectrum with no external glucose (blue), the glucose
background in the difference spectrum (green) is minimized. 4: The residual glucose signal
has been minimized in the final spectrum. Inset shows the “glucose free” spectrum (boxed)
and a partial spectrum of the glucose region showing the matched intensity between the

original spectrum and the glucose added spectrum.
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