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1H NMR metabolomics study of age profiling
in children
Haiwei Gua, Zhengzheng Panb, Bowei Xic, Bryan E. Hainlined,
Narasimhamurthy Shanaiahb, Vincent Asiagob, G. A. Nagana Gowdab

and Daniel Rafteryb*

Metabolic profiling of urine provides a fingerprint of personalized endogenous metabolite markers that correlate to a
number of factors such as gender, disease, diet, toxicity, medication, and age. It is important to study these factors
individually, if possible to unravel their unique contributions. In this study, age-related metabolic changes in children
of age 12 years and belowwere analyzed by 1H NMR spectroscopy of urine. The effect of age on the urinarymetabolite
profile was observed as a distinct age-dependent clustering even from the unsupervised principal component
analysis. Further analysis, using partial least squares with orthogonal signal correction regression with respect to age,
resulted in the identification of an age-related metabolic profile. Metabolites that correlated with age included
creatinine, creatine, glycine, betaine/TMAO, citrate, succinate, and acetone. Although creatinine increased with age,
all the other metabolites decreased. These results may be potentially useful in assessing the biological age (as
opposed to chronological) of young humans as well as in providing a deeper understanding of the confounding
factors in the application of metabolomics. Copyright � 2009 John Wiley & Sons, Ltd.

Supporting information may be found in the online version of this article.
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INTRODUCTION

Understanding the hereditary and epidemiological effects of
aging is of tremendous importance for a variety of reasons, includ-
ing the management of health, disease, and prolonged life span.
Chronological age alone does not predict a person’s susceptibility
to the consequences of aging, as a vast number of effects such as
stress, dietary choices, environmental factors, daily activities, and
medication affect the so-called ‘biological age’. A large number of
parameters have been proposed to assess the biological age of
an individual (1). Reliable, sensitive, and specific molecular
markers could provide valuable neurobiological and physiologi-
cal information on age-related changes. These markers might
allow new insights into the mechanisms of maturation and aging
and raise the hope for accurately assessing an individual’s
anatomical status at any given time. Suchmarkers might also lead
to the identification of innovative treatments for delaying or
reversing abnormal molecular changes. A number of investiga-
tions on age-related molecular changes such as gene expression
profiles, enzymatic and small molecular changes have beenmade
to date on animals and humans in an effort to establish
biomarkers of aging (1–8).
Metabolic profiling provides a new approach and opportunity

to explore the metabolic effects of many conditions in complex
biological systems. The field of metabolic profiling, including
metabolomics and metabonomics, has rapidly developed over
the last decade, with successful applications in various research
areas including toxicology, disease diagnosis, functional geno-
mics, pharmacology, foods and nutrition, etc. (9–21). The most
commonly employed analytical techniques used for metabolic
profiling include nuclear magnetic resonance (NMR) and mass

spectrometry (MS) (19,22,23). High resolution 1H NMR spec-
troscopy provides quantitative and reproducible information
with little sample preparation, and hence it is widely used to build
metabolic profiles in diverse metabolic studies (12,14,16,24–29).
It is well known that the metabolites in urine provide a finger-

print for each individual, containing significant amounts of infor-
mation about age, gender, lifestyle, dietary intake, and disease
history (30–38). In most metabolomic studies, high specificity is
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one of the basic requirements for isolating the desired variables
reliably. For this purpose, several signal correction algorithms,
including orthogonal signal correction (OSC) and orthogonal
projection to latent structures (O-PLS), were developed to
remove the chemical and thermal noise, as well as other variables
that are not relevant to the biological variation of interest (39–43).
To date, several studies have focused on profiling the meta-

bolites associated with age. While a majority of these investigations
have used animal models (36,37,44,45), two age effect studies on
adult humans (>19 years of age) were made employing 1H NMR
of urine (5,6). Slupsky et al. studied the effect of age on urinary
profiles using two groups (young and old), with 40 years as the
cut-off point. Carnitine, 3-hydroxyisovalerate, creatinine, alanine,
and trigonelline were found to differ significantly between the
younger and older age groups (5). Psihogios et al. investigated
urine metabolite changes in human subjects ranging from 23 to
74 years of age. They reported several metabolites, including
trimethylamine-N-oxide (TMAO), citrate, phenylalanine, creati-
nine, and hippurate to be linked with the age (6). A study on
creatinine levels surveyed a large US population with ages
ranging from 6 to 70 years and reported a gradual increase in
urinary creatinine concentration up to somewhere between 20
and 29 years of age and a decrease thereafter (46).
In the present study, with a view toward widening our under-

standing of age-associated metabolic changes, we have studied
urine samples of children from newborn to 12 year olds using
1H NMR-based metabolomics methods. In addition to providing
complementary evidence on aging, the biochemical variations in
urine derived from this study, using unsupervised and supervised
statistical methods, provide information on the global age profile
in children as they mature.

EXPERIMENTAL METHODS

Sample collection

Urine samples from 55 children, with no diagnosed disease, were
collected at the J.W. Riley Children’s Hospital (Indianapolis, IN).
Table 1 provides a brief demographic summary of the study subjects.
Samples were de-identified in compliance with a protocol
approved by the IRB committees at both Purdue University and
Indiana University School of Medicine, stored under dry ice,
transported to Purdue University, and then frozen at �808C until
they were used for NMR spectroscopy experiments.

1H NMR spectroscopy

After thawing, 640mL of urine was mixed with 80mL phosphate
buffer (1M; pH 7.0), 80mL D2O (used as a lock solvent), and a 2mL
solution of 3-(trimethylsilyl) propionic-(2,2,3,3-d4) acid sodium
salt (TSP) (20mM in D2O; used as the chemical shift reference).

Each sample was vortexed for 60 s, centrifuged for 10min at 7000
RPM, and then a 650mL aliquot was transferred to a standard
5mm NMR tube for analysis.

1H NMR experiments were carried out on a Bruker DRX
500MHz spectrometer equipped with a 5mm TXI cryoprobe. 1D
spectra were recorded by suppressing the strong water signal
using a standard WATERGATE pulse sequence from the Bruker
library. For each spectrum, 64 transients were collected using
32 000 data points and a 6000Hz spectral width. An exponential
weighting function corresponding to 0.3 Hz line broadening was
applied to the free induction decay before applying Fourier
transformation. All spectra were phased and baseline corrected
using Bruker’s XWINNMR software, and referenced relative to the
chemical shift of TSP (0.0 ppm).

Data analysis

Each NMR spectrum was reduced to 800 frequency bins of equal
width using the R statistical package (version 2.2.1). Spectral
regions within the range of 0.2 to 10ppm were used after deleting
the region containing residual water and urea signals (4.5 to
6.0 ppm). The data were imported into Matlab software (Math-
works, MA) installed with the PLS toolbox (Eigenvector Research,
Inc, version 4.0) for PCA and PLSmodeling. NMR spectral variables
were normalized to total integral and mean-centered prior to all
statistical analyses. For PLS modeling, each individual child’s age
was used as the one-component Y matrix. OSC-PLS modeling
analysis was performed by choosing the OSC filter in the pre-
processing step prior to PLS regression. Y-matrix data (age) were
mean-centered and the regressions were cross-validated using
the leave-one-out process to avoid over-fitting. The leave-one-out
cross validation step was also performed before the OSC filter to
examine the validation procedure.
In addition, univariate analysis was performed by applying the

unpaired Student’s t-test to several metabolites of interest that
were identified by the multivariate analysis. The NMR intensities
of these metabolites were normalized and mean-centered, and
then p-values were calculated using two age groups, newborn
and 10–12 year olds (n¼ 6 and 8, respectively).

RESULTS AND DISCUSSION
NMR spectral analysis

1H NMR spectra of representative urine samples from a newborn,
one year old, and a 10-year-old child are shown in Figure 1. As
noted in Figure 1, the dominant metabolites identified in the
majority of the urine samples include hippurate (7.83, 7.64,
7.55 ppm), lactate (4.12, 1.33 ppm), creatinine (4.07, 3.05 ppm),
creatine (3.94, 3.04 ppm), glycine (3.57 ppm), taurine (3.43,
3.27 ppm), trimethylamine oxide (TMAO)/betaine (3.26 ppm),
dimethylamine (2.74 ppm), citrate (2.67, 2.56 ppm), succinate
(2.42 ppm), acetone (2.24 ppm), and alanine (1.48 ppm). Identi-
fication of these metabolites is based on several previous studies
(47–51) and KnowItAll software (Bio-Rad Laboratories, Inc.,
Hercules, CA).
Though the urine spectra are complex due to a number of

confounding effects including age, gender, diet, etc., it is evident
by visual inspection that the intensity of creatinine increases with
age. Other metabolites such as TMAO/betaine and citrate also
showed a large variation with age.

Table 1. Summary of sample numbers according to age

Age range Number of normal samples

0–1 year 23
2–4 years 12
5–12 years 20
Total from all age ranges 55
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Statistical analysis

To unravel global differences associated with age in the complex urine
spectra, the datawere analyzed using both unsupervised (PCA) and
supervised (OSC-PLS) statistical analysis methods.

Principal component analysis (PCA)

Figure 2 presents the results of PCA of the NMR spectra from 55
normal children’s urine samples. Age ranges are marked with
different symbols in the figure. Even from this unsupervised
analysis, a separation with respect to age is clearly seen. Older
children tend to have higher scores along the PC1 direction; PC1
explains 32.3% of the variance in the NMR data. From the analysis
of the PC1 loading plot, a number of metabolites are found to

contribute to this separation. Specifically, PC1, the direction in
which the samples are separated in relation to age, shows some
metabolites such as hippurate, creatinine, creatine, glycine,
TMAO/betaine, citrate, succinate, and acetone that differ with
age. Some prominent peaks in the PC1 loading plot are marked in
Figure 2b.
To further analyze the metabolic changes, p-values between

two age groups of <0.5 and 10–12 years old (n¼ 6 and 8,
respectively) were calculated for some of the metabolites identi-
fied in the PC1 loading plot. Of these, creatinine (p-value¼ 0.0003),
TMAO/betaine (p-value¼ 0.0077) and acetone (p-value¼ 0.0348),
are significantly altered and confirm the observation thatmetabolic
profiles of pre-adolescent urine change with age.

Age profiling by OSC-PLS modeling

Several factors including age, gender, diet, medications, and
environment can contribute to the separation, and it can be

Figure 1. Typical 1H NMR spectra of normal urine samples from children

with different ages: (a) newborn, (b) 1 year old, and (c) 10 years old.

Figure 2. (a) PCA score plot of 55 normal urine samples. Blue diamonds:

0–1 year old; pink squares: 2–4 years old; orange triangles: 5–12 years old.
(b) PCA loading plots of the 55 normal urine samples.
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difficult to isolate the contributions from these effects by either
PCA or PLS methods. In this study, PLS was also performed using
NMR spectral regression against age, but this approach did not
show much improvement compared to PCA (data not shown). It
is therefore important to employ approaches that retain only the
effects of one factor such as age by eliminating or reducing the
other components. The unique ability of OSC to extract metabolic
variations from a particular effect has been proven to be effective
in previous studies (41,52,53). In the present study, one
component in the OSC filter was chosen to avoid over-fitting
of the data. Since samples were collected from subjects with no
diagnosed disease, factors other than age did not cause any
obvious separation in the PCA score plot (Figure 2a). (Note that
gender information was not available for all the subjects, but no
obvious separation was noted for samples that could be assigned
gender information). Hence, it is reasonable to assume that one
component is enough to extract an age-related profile.
To build the OSC-PLS model, age in years was used as the input

for the Y-matrix data. The model was constructed based on 3
latent variables (LVs), according to the root-mean-square error of
cross validation (RMSECV) curve in the leave-one-out cross valida-
tion procedure (54). The values for the important parameters of
the OSC-PLS analysis are shown in Table 2. Three LVs were
sufficient to understand 100% of the variation in age (cumulative
VY) using only 51.6% of the NMR spectral variation (cumulative VX)
after one orthogonal component was removed from the Xmatrix
by OSC preprocessing. These results clearly indicate that the
OSC-processed NMR spectra are highly correlated with age and
the variations caused by other effects are either removed
effectively or reduced strongly.
Figure 3a shows the score plot for the OSC pretreated PLS

model. Compared to the score plot from PCA (Figure 2a), samples
in Figure 3a were better separated without any overlap according
to age along the LV1 direction. In this case, LV1 explains 25.9% of
total variance in the NMR data (VX), and 99.7% in the age data
(VY), as shown in Table 2. Figure 3b shows the weight plots from
the OSC-PLS model, where w1 corresponds to the weight of LV1,
and similarly for w2. It should be mentioned that the w1 values in
the common PLS model are the same as those from the OSC
pretreated PLSmodel (52). The age-relatedmetabolites identified
in the weight plots include creatinine, creatine, glycine, betaine/
TMAO, citrate, succinate, and acetone. Several compounds with
significant peak intensities are marked in the plots (shown in
Figure 3b). The fold changes of some of the distinguished
metabolites are shown in Table 3.
The relatively large variation of hippurate with age for adults

has been reported previously (6). However, in the loading plots
from PCA (Figure 2b) in this study, the higher intensities of peaks
from hippurate appear in the PC2 direction, which mainly carries

variations caused by effects other than age. Compared to
Figure 2b, the importance of hippurate in the weight plots of
OSC-PLS model (Figure 3b) is further reduced. The present results
indicate that hippurate concentrations may vary less with age
during childhood development.
A number of other metabolites such as TMAO, citrate, glycine,

acetone, and succinate also contribute to the OSC-PLS weight
plots. Hippurate has been shown to be related to kidney function
(55). Glycine has been implicated in many physiological
phenomena as a neurotransmitter or biosynthetic intermediate
(56). TMAO has been reported as an osmolyte in muscle tissues of
marine organisms (57,58), and it is involved in the detoxification
process in the human body (59). Betaine plays an important role

Table 2. Summary of the OSC-pretreated PLS model of NMR
spectra regression against age

LVs VX (%) VX (cuml, %) VY(%) VY (cuml, %)

1 25.9 25.9 99.7 99.7
2 17.2 43.1 0.2 99.9
3 8.5 51.6 0.1 100

VX, VY: variation explained by each LV. VX(cuml), VY(cuml):
cumulative variation explained.
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Figure 3. (a) Score plot of OSC-pretreated PLS modeling of 1H NMR

spectra from 55 normal human urine samples. Symbols indicate the same

sample types as in Figure 2. (b) Weight plots of OSC-pretreated PLS
modeling of 1H NMR spectra from the 55 normal human urine samples.
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in the health of the cardiovascular system and has been used
widely in treating vascular, hepatic, and liver diseases (60). It has
also been reported that acetone has anticonvulsant effects in
animal seizure models (61). Citrate and succinate are involved in
several important metabolic pathways (62).
Changes in the concentrations of at least some of the

aforementionedmetabolites with age have been observed earlier
by others (6,63,64). For example, association of TMAO and citrate
with age has recently been reported by Psihogios et al. (6)
Variation of certain amino acids including glycine with age was

reported by Stambaugh et al. in 1963 (63). Organic acid analyses
in a Turkish pediatric population revealed that citrate and
succinate decrease with age, which agrees with our observations
(64). However, definitive biological roles linking thesemetabolites
with age are yet to be established. Potentially important
biological functions of these compounds may help explain the
appearance of these compounds in the weight plots of the
OSC-PLS model as they relate to age profiling.
Plots of the average intensity (with the standard deviation)

versus age are shown in Figure 4 for two typical prominent
metabolites: creatinine and creatine. It can be clearly seen that
while creatinine increases with age, creatine decreases after an
initial increase. For creatinine, the trend was similar for the data
before and after OSC pretreatment, although the correlation
improved upon OSC pretreatment. For example, the correlation
coefficient (R2) increased from 0.77 before OSC pretreatment to
0.94 after OSC pretreatment, although there were a few sizable
deviations. As seen in Figure 4b, the change in intensity of the
creatinine signal after the OSC filter arises exclusively from the
change in age. This increase of creatinine is in accordance with
the expected trend from earlier studies (46). In addition, the
urinary concentration of creatinine is highly correlated with skeletal
muscle mass which grows significantly during childhood (65).
On the other hand, the decrease in creatine with age, especially

after 3 years of age, can be understood by the fact that, in the
muscle tissue, creatine gets converted into creatinine (66), and
this increased creatinine is often correlated with a decrease in
creatine levels. For creatine, the difference between the plots
(shown in Figures 4c and d) obtained from the data before and

Table 3. Fold change of some of the metabolites with age

Metabolite Fold change�

2–4 yrs 5–12 yrs
Acetone �0.31 �2.34
Succinate �1.33 �1.95
Betaine/TMAO �1.49 �1.86
Creatinine þ0.32 þ2.34
Creatine þ4.3 �3.7
Glycine �0.58 �2.50
Citrate �0.50 �2.45

�Fold change relative to 0–1 yr age group. Negative sign
indicates decrease with age and the positive sign indicates
increase with age.
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after OSC pretreatment was not appreciable, indicating that
creatine concentration is less affected by factors other than age.
The leave-one-out cross validation procedure used for the

OSC-PLS regression was also examined to evaluate the predictive
ability of the model. During cross validation, one sample at a time
was used as a test sample for the prediction while the rest defined
the training set. In this way, each sample was used as a test
sample for cross validation. Figure 5a shows the prediction plot in
the cross validation using 3 LVs with the leave-one-out step
performed after OSC. A very good fit was achieved (R2¼ 0.99;
Figure 5a), indicating the robustness of the prediction model that
can be achieved under ideal conditions for the present sample set.
However, Figure 5b shows the prediction plot in the cross validation
with the same parameters used in Figure 5a except that the
leave-one-out step was performed before OSC. The prediction
errors are quite large for several samples in Figure 5b, with a
residual standard deviation of 2.3 years. One possibility is that
these errors may be due to a difference between ‘chronological’
and ‘biological’ ages, but this hypothesis will need to be proven
with further detailed studies. Nevertheless, a linear trend between
the measured and predicted ages is noticeable (R2¼ 0.67). The
effectiveness of the OSC pretreatment to retain the age-associated
metabolic variations is clearly noticeable from the comparison of
Figures 5a and b, however, one must be careful not to over-fit the
data set. In particular, it will be important to validate these
findings in additional samples.

CONCLUSIONS

Age is an important variable that contributes to the metabolic
profile of body fluids, and thus establishing that metabolic
profiles linked to age have numerous applications. In addition to
being able to predict the biological age of a subject based on the
metabolic profile, the knowledge of an age-related metabolic
profile can make the interpretation of data for other effects such
as disease easier, which is important in biomarker discovery for
disease diagnosis or prognosis. This study presents the metabolic
variation in the pre-adolescent age group, and the data analysis
using OSC-PLS regression clearly explains the variance of the
samples with respect to age, indicating the potential of such an
approach for obtaining a useful and reliable profile. Metabolites,
such as creatinine, creatine, glycine, betaine/TMAO, citrate, succinate,
and acetone were identified as key molecules with high correlation
to age. Further development of the model utilizing a large number
of samples is needed to substantiate these findings and to obtain
more biological insight into age-related metabolic variations.
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