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Abstract

Individuals infected with the human immunodeficiency virus (HIV) often suffer from concomitant
metabolic complications. Treatment with antiretroviral therapy has also been shown to alter the
metabolism of patients. Although chemometric analysis of nuclear magnetic resonance (NMR)
spectra of human sera can distinguish normal sera (HI\VVneg) from HIV-infected sera (HIVpos) and
sera from HIV-infected patients on antiretroviral therapy (ART), quantitative analysis of the
discriminating metabolites and their relationship to disease status has yet to be determined. The
objectives of the study were to analyze NMR spectra of HIVneg, HIVpos, and ART serum
samples with a combination of chemometric and quantitative methods and to compare the NMR
data with disease status as measured by viral load and CD4 count. High-resolution magic angle
spinning (HRMAS) NMR spectroscopy was performed on HIVneg (N = 10), HIVpos (N = 10),
and ART (N = 10) serum samples. Chemometric linear discriminant analysis classified the three
groups of spectra with 100% accuracy. Concentrations of 12 metabolites were determined with a
semi-parametric metabolite quantification method named high-resolution quantum estimation
(HR-QUEST). CD4 count was directly associated with alanine (p = 0.008), and inversely
correlated with both glutamine (p = 0.017) and glucose (p = 0.022) concentrations. A multivariate
linear model using alanine, glutamine and glucose as covariates demonstrated an association with
CD4 count (p = 0.038). The combined chemometric and quantitative analysis of the data disclosed
previously unknown associations between specific metabolites and disease status. The observed
associations with CD4 count are consistent with metabolic disorders that are commonly seen in
HIV-infected patients.

Debra.Meyer@up.ac.za; Fax: +27-086-638-1904; Tel: +27-012-420-2300.



1duosnue Joyiny 1duosnue Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

McKnight et al. Page 2

Introduction

The link between the immune and metabolic systems is clearly evident during HIV infection
which triggers metabolic disorders in addition to the loss of immune reactivity; the latter is
viewed as the hallmark of the acquired immune deficiency syndrome (AIDS). It is now
generally understood that the virus interferes in metabolic pathways involved in general
health; causing among others malabsorption, malnutrition, gradual weight loss, muscle
wasting, etc. Individuals dealing with HIV/AIDS have thus been shown to suffer from
metabolic complications such as diabetes, atherosclerosis, lipodystrophy and cardiovascular
disease.1™

Therapy for HIV infection is successful for most individuals but is also known to
dramatically alter the metabolism of the patient. In fact, long-term treatment with anti-
retroviral therapy (ART), especially protease and reverse transcriptase inhibitors, has been
associated with the development of “lipodystrophy syndrome”, which is often accompanied
by hyperlipidemia and insulin resistance.® The latter disorder, insulin resistance, is also
considered to be characteristic of “metabolic syndrome”, a complex disorder caused by a
combination of genetic and environmental factors, which is associated with glutamine,
glutamate and glutamine-to-glutamate ratio. It is now logical to assume infection with HIV
to be one of the factors that can lead to metabolic syndrome especially because studies have
shown the virus’ effect on glutamate’:8 and glutamine levels.

HIV infection also disrupts the metabolism of other amino acids® and reducing viral load or
plasma HIV RNA improves muscle amino acid metabolism.10 Amino acid metabolism plays
an important role in regulating host immunity and changes in the levels of these metabolites
impairs immune function and increases susceptibility to infections.1? Amino acids are
involved in overlapping metabolic processes such as glycolysis and protein synthesis
pathways, thus the effect of HIV infection on one pathway could have implications for the
other. For example, altered amino acid metabolism may partly influence the HIVV-mediated
disruption in glucose metabolism that has been reported in the literature.1213 In this study
we therefore anticipated the detection of amino acids and sugars as metabolic indicators of
infection or disease progression in conditions of HI\VV/AIDS.

Studies characterizing the metabolic profile of HIV/AIDS biofluids using proton nuclear
magnetic resonance (*H NMR) spectroscopy and mass spectrometry have demonstrated the
ability to detect metabolites affected by infection and treatment.14-20 Chemometric analysis
of NMR spectra of human sera was shown to distinguish normal sera from that of HIV-
infected individuals treated with ART and that of untreated HIV-infected individuals.1516
Several serum metabolites that discriminate the three groups were recently identified with
NMR biofluid metabonomic analyses:2 however, the absolute concentrations of the
discriminating metabolites and their association with disease status have yet to be
determined. Advanced methods for NMR-based metabolite quantification are now available
and are used here for exploring these issues.

Even at high magnetic field strengths, NMR spectra from serum have broadened linewidths
compared with spectra from typical solution-state samples which use water or deuterated

Mol Biosyst. Author manuscript; available in PMC 2015 July 06.



1duosnue Joyiny 1duosnue Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

McKnight et al.

Page 3

water (D,0) as the vehicle. The heterogeneous composition of small-molecule metabolites,
proteins and other macromolecules, and mobile lipids in sera causes it to have a higher
viscosity than water or D,O, which restricts molecular motion and results in broadened
linewidths. It is difficult to accurately distinguish neighbouring resonance peaks
corresponding to different metabolites in spectra that have broad linewidths because the
peaks often overlap. High-resolution magic angle spinning (HRMAS) NMR is a powerful
analytical technique that was developed to overcome this issue and has been used to collect
narrow linewidth spectra from tissue specimens22-25 and serum.26 HRMAS NMR also
allows for the use of small sample volumes (10-25 pl) compared to the typical sample
volume (50-500 pl) for conventional NMR.1516 To date, no HIV metabonomic studies have
been performed using HRMAS-NMR spectroscopy.

Despite the improved spectral resolution afforded by the HRMAS method, spectra from
serum are still influenced by macromolecules that appear as broad resonances that span the
entire baseline of the spectrum and contribute non-specifically to the area of small
metabolite resonance peaks. Furthermore, variations in pH, ion concentration and
intermolecular interactions may also cause shifts in the resonance frequencies of
metabolites. To correct for these issues, the semi-parametric high-resolution quantum
estimation (HR-QUEST) analysis method was developed specifically for quantitative
analysis of HRMAS NMR data. HR-QUEST has been used to quantify metabolites in cancer
biospecimens24:27 put this is the first study using HR-QUEST to interpret spectra from HIV-
infected serum.

The objectives of this study were to use HRMAS NMR spectroscopy to obtain high-
resolution spectral profiles of serum samples from patients infected with the HIV-1 virus
(HIVpos), HIVpos patients on ART (ART), and HIV-negative control donors (HIVVneg) and
to analyse the data with a combination of chemometric and metabolite quantification
methods (i.e. HR-QUEST) in order to determine the biological links between the spectral
data and disease status. Here we present the first quantitative analysis of HIV-infected and
uninfected sera, using HRMAS spectroscopy for data collection and HR-QUEST for
metabolite quantification.

Materials and methods

Serum specimens

Serum samples from 20 HIV-infected patients participating in the Study of the
Consequences of the Protease Inhibitor Era (SCOPE) project at the AIDS Research Institute
at the University of California San Francisco (UCSF), were obtained in accordance with the
ethical and privacy policies of the UCSF Committee on Human Research (CHR). At the
time of collection, 10 patients were undergoing antiretroviral therapy (ART), either a
combination of reverse transcriptase inhibitors (N = 8) or a combination of reverse
transcriptase inhibitors and protease inhibitors (N = 2). The remaining 10 patients were
untreated (HIVpos). Aliquots of serum were stored at —80 °C until further analysis.

HIV status for each patient was determined by hospital records and made available for this
study. Information on treatment history for the HIV-infected subjects was determined
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prospectively by interview. Viral load as determined by branched DNA (bDNA) testing and
real-time PCR were obtained. Control serum samples from 10 HIVVneg donors were obtained
from the UCSF Medical Center Blood Bank and stored in the same manner.

HRMAS NMR spectroscopy

The serum samples were thawed at room temperature and vortexed for 5-10 s to mix the
contents. To provide a frequency lock and reference, 3.0 ul of DO containing 0.75% 3-
(trimethylsilyl)propionic acid-d4 sodium salt (TSP) was pipetted into the rotor and weighed
to £0.01 mg, after which a 20-25 pl sample aliquot was pipetted into the rotor and weighed.
The rotor was then assembled and placed into the probe for analysis.

Spectra were acquired using a pulse-acquire sequence with pre-saturation water suppression
on a 500 MHz Varian INOVA spectrometer equipped with a gHX gradient nanoprobe.
Samples were evaluated at 1 °C while the serum was spun at 2250 Hz at the magic angle
(theta = 54.7 degrees). The fully relaxed water pre-saturation sequence parameters were
relaxation delay 2 s, saturation delay 2.5 s, pulse width = 7.8 ps, transients = 128, acquisition
time 2 s, sweep width = 40 kHz, and 40 000 points. The Electronic REference To access In
vivo Concentrations (ERETIC) method was used to provide a constant reference for
quantifying the peak sizes in the spectrum.28 The ERETIC method inserts a radiofrequency
pulse in the spectrum at a known frequency and amplitude and has been shown to be a more
stable resonance amplitude reference than TSP for biospecimens, which can adsorb TSP.

Data analysis

The spectra were analysed with two different methods to determine whether there were
differences between the three experimental groups. First, a chemometric method described
in a previous studyl® was used to compare the differences in the entire spectral profiles from
each group using linear discriminant analysis (LDA). In the second method, the
concentrations of 14 specific metabolites were quantified with HR-QUEST and compared
among the three groups. Lastly, associations with viral load and CD4 count were
investigated using complementary spectral and metabolic information gleaned from the two
analytical methods. The two analytical methods are described in detail below.

Chemometric analysis of HRMAS NMR spectra—Statistical analysis was performed
on the entire NMR spectrum to determine inherent patterns among experimental groups. The
spectrum obtained for each serum sample was first divided into 146 segments of equal
length (5 0.03 ppm). The integrated areas of each spectral segment were used as variables in
the statistical analysis.

The original serum spectrum was standardized by calculating a mean and standard deviation
per subject, then subtracting the mean from each subject’s amplitude and dividing the result
by the standard deviation,
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where zj is the standardized integral at frequency f for the ith individual, aj is the integrated
segment at frequency f for the ith individual, §; is the mean value of the 146 integrated
segments for the ith individual, and s; is the standard deviation of the 146 integrated
segments for the ith individual. The result was that the standardized spectra for each
individual had a mean of 0 and a standard deviation of 1.

The mean standardized spectra of the three groups (HIVneg, ART, and HIVpos) were
compared with analysis of variance (ANOVA) F-tests. An alpha level of p < 0.05 was used
to establish whether or not there were significant differences between two or more of the
groups. To determine whether the spectral data could be used to classify the three
experimental groups, a stepwise linear discriminant analysis routine was performed. All 146
integral segments were used as inputs in a stepwise fashion and a Wilks’ Lambda was
calculated at each step. The criterion for inclusion in the LDA model was minimization of
the Wilks’ Lambda with a p-value of 0.085 or less while the criterion for removal was a p-
value of 0.21 or greater.

Quantitative analysis of HRMAS NMR spectra—Metabolite concentrations were
quantified in each spectrum using the HR-QUEST semi-parametric time-domain fitting
algorithm.27 Briefly, the first two time points of the free induction decay (FID) were
calculated by linear prediction prior to Fourier transformation to correct for any distortion
resulting from transient effects after the application of the radiofrequency (RF) excitation
pulse. A basis set of spectra created from solutions with known concentrations of
metabolites were fit to the acquired spectra using a non-linear least squares method. A
residual spectrum was generated by subtracting the fitted spectrum from the acquired
spectrum and the standard deviation of the residual spectrum, represented as the Cramer Rao
Lower Bound (CRLB) error, was used as a measure of the accuracy of the fit. To improve
the fit, the macromolecules remaining in the residual spectrum were estimated using Hankel
Lanczos Singular Value Decomposition and removed from the acquired spectrum. The
frequency and phase of individual peaks within the basis spectrum were also adjusted to
account for differences in the molecular environments of metabolites in serum and in the
buffered solution used for the basis spectra. The fit routine and CRLB error measurement
was then repeated iteratively until the CRLB error was minimized for the 14 metabolites.
The final concentration of each fitted metabolite was calculated using the ERETIC peak as
the amplitude reference, the mass of each serum specimen, and the concentration of each
metabolite in the basis set.

The basis set used in this study was comprised of 23 resonance peaks representing 14
metabolites. However, only 12 metabolites met our criterion for accurate quantification of
CRLB error of <5%. The metabolites and their resonance frequencies were (metabolite;
multiplicity, 8): alanine (Ala; d 1.48, q 3.78), creatine (Cre; s 3.91, s 3.03),
glycerophosphocholine (GPC; m 4.31, m 3.95-3.87, m 3.66, s 3.21), phosphorylcholine
(PC; m 4.28, m 3.64, s 3.21), free choline (Cho; m 4.05, m 3.50, s 3.19), glutamine (Gln; t
3.75, m 2.45-2.43, m 2.13-2.11), glutamate (Glu; dd 3.74, m 2.35-2.34, m 2.12-2.04),
lactate (Lac; d 1.33, q 4.12), taurine (Tau, t 3.26, t 3.43), valine (Val; 0.99 d, 1.05 d, 3.66 d),
a/B-glucose (a; d 5.22, dd 3.83, m 3.82, dd 3.75, t 3.70, dd 3.52, t 3.40. §; d 4.63, dd 3.88,
dd 3.71, 1 3.47, m 3.45, t 3.39, dd 3.23) and glycine (Gly; s 3.56). Myo-inositol and
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glutathione were also included in the basis set but did not meet the CRLB error threshold for
inclusion in the study. The chemical shifts and multiplicities were assigned according to the
values published by Govindaraju et al.2

Statistical analysis—All statistical analysis was performed using Statistical Package for
the Social Sciences (SPSS version 20.0, IBM Corp., Armonk, NY) software. Non-
parametric tests were used to compare the concentrations of specific metabolites among the
three groups. A Kruskal-Wallis test was used to look for differences across all three groups
and a Mann-Whitney U test was used for pairwise comparisons. Associations between
metabolite concentrations and both viral load and CD4 count were investigated with a
Spearman Rank correlation. Lastly a linear regression model was constructed using CD4
count as the dependent variable and multiple metabolite concentrations as covariates to
determine whether a combination of metabolites was associated with CD4 count. An alpha
level of p = 0.05 was used as a threshold for statistical significance for all.

Experimental profiles

Fig. 1 shows a representative 500 MHz 1H HRMAS NMR spectrum obtained from HIVneg
human serum. The subject ages, viral load, and CD4 count for the three experimental groups
were (mean + SD): HIVpos (41.2 6.2, 1.1 x 10° + 1.3 x 105, 343 + 169), HIVneg (49.6 +
8.3, 0,952 £ 204), and ART (48.5 £ 9.3, 60 + 17, 376 + 118), respectively. Of the 30 serum
samples that were studied with HRMAS NMR, only 28 spectra were included in the analysis
due to mechanical and/or sample preparation errors that occurred during the experiments on
two of the HIVVneg samples. The study cohort, therefore, was comprised of spectra from 10
HIVpos, 8 HIVneg, and 10 ART serum samples. The viral load for the HI\VVpos group was
higher than that of the HIVneg and ART groups (p = 0.02, ANOVA with Tukey post hoc
test) and the CD4 count for the HIVVneg group was higher than that of the HIVVpos and ART
groups (p < 0.001, ANOVA with Tukey post hoc test). These results confirmed that our
three experimental groups had the expected differences in clinical biomarkers of disease
status.

Analysis of variance and linear discriminant analysis

Comparison of the spectra with ANOVA showed significant differences among the three
experimental groups for 19 of the 146 integrated spectral segments. Subsequent multivariate
analysis using stepwise LDA resulted in a model that was able to classify spectra from the
three study groups with 100% accuracy. These data are in agreement with what was
accomplished in previous studies!®16 from our group with spectra collected with standard
(non-HRMAS) NMR methods. The striking similarity in the results from our previous study
of HIV-1-infected serum from South African, low-income patients and the current study of
HIV-1-infected serum from patients living in urban areas of the United States suggests that
the metabolic differences are not significantly influenced by lifestyle.

Fig. 2 is a scatter plot of the results of the classification and shows that Function 1 of the
LDA model primarily separates spectra from HIVpos sera from that of the other two groups
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while Function 2 primarily separates spectra from ART sera from that of the other two
groups. The main differences observed between the three experimental groups in the
previous studies!®16 and the present work were in spectral regions that represent lipids and
glycerol, glucose and amino acids. This was not unexpected because numerous studies
already implicated HIV as interfering in amino acid’~® and glucose metabolism2:13 and the
involvement of HIV in lipid metabolism disorders is notorious. In the following sections, we
attempt to identify and quantify the specific metabolites that are altered and investigate their
associations with disease status.

Metabolite quantification

HR-QUEST was used to quantify the concentrations of 12 metabolites from 24 of the 28
spectra analysed with LDA. Although the LDA analysis in the current and prior studies
showed that integrated spectral segments in the lipid region of the spectra were substantially
different among the three experimental groups, we did not include lipids in the quantitative
analysis because they arise from overlapping signals of a large ensemble of similar
compounds and the HR-QUEST method was not well suited to quantify them. Also the
CRLB error of several metabolites in four of the spectra analysed with LDA did not meet
the 5% or less accuracy criterion. The resulting experimental cohort that underwent
quantitative analysis was comprised of spectra from 9 HIVpos, 7 HIVneg, and 8 ART serum
samples.

Table 1 lists the mean concentrations of the 12 quantified metabolites in each group. We
found no significant differences among the metabolite concentrations of the three
experimental groups (Kruskal-Wallis non-parametric test). However, pairwise comparison
of the groups revealed trends toward higher concentrations of alanine in HIVneg versus
ART (p = 0.10) and HIVpos (p = 0.07).

LDA-directed assessment of metabolites

To determine which, if any, of the quantified metabolites contributed to the LDA
classification model, the integrated spectral segments that had the highest coefficients in
Functions 1 and 2 were compared with the resonance frequencies of the quantified
metabolites. Fig. 3 shows example spectra from HIVneg (top), HIVVpos (middle), and ART
(bottom) sera. The grey shading indicates regions with the highest coefficients in Function 1
(light grey) and Function 2 (dark grey) that were also resonance peaks that were quantified
with HR-QUEST. The coefficients of the 10 integrated spectral segments used in the
classification model are shown in Table 2.

The spectral segment with the highest coefficient in Function 1, which separated HIVpos
spectra from the other two groups, was 2.14-2.17 ppm (Table 2 and Fig. 3). Glutamine has
resonance peaks near 2.14 ppm, 2.45 ppm, and 3.78 ppm. The integral segment that
contained the 2.45 ppm resonance was found to be significantly different among the three
experimental groups by ANOVA although it was not a component of the LDA model. The
3.78 ppm glutamine peak overlaps with both glutamate and glucose, which may be the
reason why it was not found to be different among the groups. These data suggest that
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Function 1 of the LDA model may be strongly influenced by differences in glutamine
concentrations among the three experimental groups.

The next highest coefficient in Function 1 was assigned to the 1.06—1.09 ppm segment,
which is near one of the four resonance peaks for valine. None of the other three valine
resonances were in regions found to be different between the three experimental groups.
Furthermore, valine was difficult to fit with the basis spectrum and only had acceptable
CRLB in 19 of the 24 cases. Although there was a clear valine doublet peak in the 1.06-1.09
ppm regions in most of the spectra (Fig. 3), it resides in the valley between two lipid
resonances at 0.9 ppm and 1.3 ppm, which influenced the baseline in that region of the
spectrum. It is possible, therefore, that the differences in the integrated area of the 1.06-1.09
ppm region is due more to the differences in lipid concentrations among the groups than to
valine concentrations.

The third highest coefficient of Function 1 was for the 3.40-3.43 ppm segment, which
contains one of the two resonance peaks for taurine. Taurine has triplet resonance peaks near
3.42 and 3.25 ppm. The integral segment that contained the 3.25 ppm resonance was found
to be significantly different among the three experimental groups by ANOVA although it
was not a component of the LDA model. It should be noted, however, that glucose also has
resonance peaks at 3.41 and 3.25 ppm that overlap with taurine. These data suggest that, in
addition to glutamine, Function 1 of the LDA model may also be strongly influenced by
differences in taurine and/or glucose concentrations among the three experimental groups.

Applying the same analysis to the Function 2 spectral segments, which separated ART
serum samples from the other two groups, the segment with the highest coefficient was at
4.66 ppm corresponding to the glucose p anomer H-1 doublet. The other resonance peaks of
glucose overlap with glutamine and taurine peaks which, as stated above, adds some
uncertainty as to the true source of the Function 1 peaks.

The spectral segments with the next highest coefficients in Function 2 corresponded to
metabolites that were not included in the basis set or were not adequately fit by HR-QUEST
(glycerol and myo-inositol near 3.64-3.67 ppm, respectively) or were spectral regions that
were fit as macromolecules and removed during the HR-QUEST algorithm (0.64-0.67
ppm). As with Function 1, the 2.14-2.17 ppm spectral segment that is one of the three
glutamine peaks also had a relatively strong contribution to Function 2 and may be altered
by both HIV infection and ART treatment. Taken together, these results suggest that specific
metabolites, and not just the integrated spectral segments, may be indicators of disease
status. We explore this further in the next section.

Associations between metabolites, viral load and CD4 counts

The results from the previous two sections suggest that alanine, glutamine, valine, taurine,
and glucose may be altered during HIV infection and/or after treatment with ART. The trend
toward lower alanine in sera from HIV-infected patients and the repeated involvement of
spectral resonances from the other four metabolites in the LDA model suggest an association
with disease status may exist despite the lack of a statistical difference in the metabolite
concentrations among the three experimental groups. To determine whether there was an
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association between metabolite concentrations and disease progression, Spearman
correlations were performed between all 12 metabolites, the viral load and CD4 count.

There was an inverse correlation between viral load and alanine (r = —0.426, p = 0.043)
among the entire cohort (N = 24) and among the group of HIVpos cases only (r = —0.850, p
=0.004, N =9). This suggested that the relationship was not simply due to the fact that
HIVneg and ART cases had negligible viral load but to the fact that, among cases with
measurable viral load, alanine levels were lower when the viral loads were higher.

CD4 count was directly associated with alanine (r = 0.539, p = 0.008), providing further
evidence for low serum alanine levels being an indicator of disease progression. CD4 count
was also inversely correlated with both glutamine (r = —0.482, p = 0.017) and glucose (r =
-0.465, p = 0.022). Based on these results, we constructed a multivariate linear model using
alanine, glutamine and glucose as covariates that demonstrated a positive association with
CD4 count (p = 0.038).

Fig. 4 shows plots of (A) alanine, (B) glutamine, and (C) glucose versus CD4 count for the
three experimental groups. In all three graphs, the HIVVneg cases (green circles) are clearly
separated from the other two groups suggesting that the model may primarily reflect the
different metabolite levels in HIV-infected and uninfected sera. To determine whether the
same metabolites were associated with CD4 count in the subset of HIV-infected patients
(HIVpos and ART groups combined), the groups for which CD4 count is a clinical indicator
of disease progression and response to therapy, we performed a Spearman correlation within
that subset of patients only. Again, the only metabolites that showed either trends or
significant associations with CD4 count were alanine (r = 0.371, p = 0.158), glutamine (r =
-0.422, p = 0.092), and glucose (r = —0.564, p = 0.018) and a multivariate model using these
metabolites as covariates showed a significant association with CD4 count (p = 0.036).

Discussion

A number of NMR metabonomic studies have identified spectral regions with which to
distinguish HIVpos from HIVneg and/or treated biofluid samples.14-17:19.21 These studies
also speculated on metabolic pathways associated with these spectral regions but specifics
on metabolite concentrations and their associations with indicators of disease progression
were rarely attempted.18 In this paper, we present evidence that alanine levels decrease,
while glutamine and glucose levels increase with disease severity, as measured by a
reduction in CD4 counts.

CD4 is a glycoprotein that is expressed on the surface of immune cells that decrease in
number with the severity of HIV-infection. Immune cells such as CD4-positive lymphocytes
consume glucose and glutamine at an extremely high rate,3% which may explain why serum
levels of these metabolites increase as the number of healthy circulating lymphocytes
decreases. Glycolysis and glutaminolysis in immune cells occur at rates that are much higher
than needed for producing intermediates for maintenance of biosynthetic pathways and are
thought to also be utilized to generate reserves of metabolic intermediates for rapid
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utilization during proliferation, to provide energy for the cells (particularly glutaminolysis),
and for the secretion of free radicals and cytokines.3!

In many cells, glutamine metabolism also promotes glutamate-mediated transamination of
pyruvate to alanine;® however, transamination processes in lymphocytes results in aspartate,
rather than alanine.30:31 Therefore it is not likely that the decreased serum alanine levels in
HIV-infected patients in this study was related to the low number of CD4-positive
lymphocytes. Alanine is a highly gluconeogenic amino acid that is released from energy-
depleted muscle and taken up by the liver to form glucose which is then secreted back into
the circulation and used by muscle cells as an energy source, in a process known as the
‘glucose-alanine cycle’.32 A more likely reason for the lower serum alanine levels is the
high incidence of muscle wasting among HIV-infected patients. Yarasheski et al. reported
an increased muscle proteolysis/synthesis rate in HIV-infected patients3? that was reversed
when HIV RNA levels decreased after ART.10 A plausible hypothesis is that alanine levels
are influenced by the deleterious effect that HIV has on muscle protein synthesis. Taken
together, the increased serum levels of glucose and glutamine and concomitant decrease in
alanine that we observed with increasing disease severity may result from the loss of both
lymphocytes and myocytes and their associated metabolic processes. It should be noted that
amino acid and glycolytic metabolism are disrupted by several disease processes that are
comorbidities of HIV-infection; therefore the observed associations may be due either to
HIV-infection directly or an accompanying metabolic disorder.

A limitation of this study incorporating quantitative NMR to investigate metabolic
alterations associated with HIV infection and treatment was the use of a pulse-acquire
sequence, which did not allow for discrimination of metabolites in the lipid region of the
spectrum. We considered using a Carr-Purcell-Meiboom-Gill (CPMG) sequence that could
be manipulated to filter out resonance peaks with different T2 relaxation properties;
however, we did not have a basis set of spectra that were acquired with such a sequence, that
could be used with HR-QUEST to calculate accurate metabolite concentrations. Future
studies should definitely incorporate methods that can quantify the specific lipids that are
altered in these patients as the chemometric analysis indicated that resonance peaks in the
lipid region accounted for much of the metabolic differences between the three groups. The
fact that metabolic alterations associated with CD4 status were discovered in the face of this
limitation; however, bodes well for the success of such future studies. This suggests that the
combination of chemometric and quantitative analytical techniques used in the current study
is clearly amenable to the investigation of any metabolic disorder such as metabolic
syndrome.

Conclusion

Constant monitoring of patients by laboratory testing plays a critical role in successful HIV/
AIDS management.4 Definitive monitoring of both HIV disease progression and response
to treatment currently relies on CD4 count, viral load, protein and other macromolecular
markers.34:35 Metabonomics techniques show promise for HIV/AIDS management!® and is
currently being used to identify and quantify potential biomarkers associated with infection,
response to treatment or disease progression;3® however, the independent association
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between metabolites and clinical outcome still needs to be validated. The implications of our
study suggest that metabonomics may also be useful for identifying the metabolic origin of
comorbidities and the impact of therapies designed to treat them.
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Fig. 1.
A representative 1TH HRMAS NMR spectrum of serum from an HIVneg donor. Chemical

shift assignments of metabolites are based on published literature.
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Scatter plot of the discriminant functions for the three groups: 8 HIVneg (blue), 10 ART
(green) and 10 HIVpos (red).
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Fig. 3.
Representative HRMAS NMR spectra from HIVneg (top), HIVpos (middle), and ART

(bottom) serum. Regions with the highest coefficients in Function 1 (light grey) and
Function 2 (dark grey) of the LDA classification model are highlighted.
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Fig. 4.

Correlation of (A) alanine, (B) glutamine, and (C) glucose with CD4 count in HIVVpos,

HIVneg, and ART sera.
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Metabolite concentrations (mean = SD) and Kruskal-Wallis p-values for the HIVpos, ART, and HIVneg sera.

Concentrations are expressed in mol kg™ x 1073

HIVpos ART HIVneg p
Alanine 0.351+0.235 0.320+0.198 0.393 +0.079 0.10
Choline 0.105+0.043 0.141+0.074 0.111+0.051y 0.54
Creatine 0.027 +£0.029 0.014+0.009 0.010 + 0.006 0.18
Glutamine 1.333+0.578 1.285+0.493 0.908 + 0.446 0.30
Glutamate 0.459+0.118 0.341+0.167 0.517+0.256  0.34
Glycine 0.430+0.191 0.381+0.174 0.357 £0.155 0.81
Glycerophosphocholine  0.070 £0.049  0.080 £ 0.063  0.077 + 0.039 0.98
Lactate 4853+3.033 4.171+1.780 3.846+1.320 0.92
Phosphocholine 0.052+0.011 0.073+0.028 0.064 +0.033 0.42
Taurine 0.376 £0.214 0.459+0.104 0.413+0.110 0.35
Valine 0.286£0.187 0.299+0.250 0.369+0.159  0.54
Glucose 4182+2329 3550+1.115 3.135+0.951 0.60
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Coefficients of Functions 1 and 2 of the LDA classification. The segment name indicates the beginning of the

0.03 ppm integrated segment of spectrum that was used in the model. The last column lists quantified
metabolites that have resonance peaks in or near the spectral segment?

Integrated spectral

segment (ppm) Function1 Function2 Metabolite
4.66 3.880 1.544 Glucose

4.18 -0.634 1.077 Lactate

3.67 3.769 -0.577 GPC

3.64 -2.911 1.401

3.55 2.406 -1.174

3.40 -7.320 -0.200 Taurine, glucose
2.14 9.111 -1.353 Glutamine, glucose
1.66 -2.531 1.122

1.06 -7.394 0.903 Valine

0.64 3.209 -1.398
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