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Abstract

Introduction The diagnosis of Growth Hormone Deficiency (GHD) during childhood has been the subject of much contro-
versy over the last few years. Aiming to accurate medical treatment, there is a need for biomarker discovery.

Objective To characterize the metabolic profile of GHD children, examine the effect of GH administration on the metabolic
signature, and investigate the correlations between metabolites and IGF-1.

Methods Nuclear Magnetic Resonance (NMR)-based untargeted and targeted metabolomic approach applied to study the
metabolic profiles of children with GHD. Plasma, serum, and urine samples were collected from twenty-two children diag-
nosed with GHD and forty-eight age matched controls from the Pediatric Endocrinology Unit of the University Hospital of
Patras. Experimental data were examined by both multivariate and univariate statistical analysis.

Results The results of this pilot study revealed a different metabolic fingerprint of children with GHD in comparison to
age-matched healthy individuals. However, the detected alterations in the metabolite patterns before and after GH treatment
were subtle and of minor discriminative statistical power.

Conclusions This study provides evidence that metabolome plays a pivotal role in GHD, but large-scale multicenter studies

are warranted to validate the results.

Keywords Growth hormone deficiency - Metabolomics - NMR spectroscopy - IGF-1

1 Introduction

Growth Hormone Deficiency (GHD) is a disorder caused by
inadequate synthesis and/or secretion of growth hormone
(GH) from the anterior pituitary gland (Badaru & Wilson,
2004). GHD, approximately, affects one in every 4.000 to
10.000 children and includes a group of disorders with vari-
ous etiologies (Dattani & Malhotra, 2019). Complete GHD
may be the result of surgical removal of pituitary gland in
the case of a tumor (e.g., craniopharyngioma) or GH gene
deletion. Many other causes, affecting the GH gene or other
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pituitary transcription factors involved in GH secretion may
result in partial deficiency, usually defined by the results of
GH provocation clinical tests. The most prevalent clinical
sign of GHD in children is growth failure, which is trans-
lated to short stature or/and slowed growth in height and
its therapy involves subcutaneous injections of recombinant
human GH (Grimberg et al., 2017).

The pattern-release of GH is complex and is character-
ized by secretory bursts, with two thirds of the total daily
GH secretion produced at the first episode of slow-wave
sleep. Growth Hormone releasing Hormone (GHRH) and
somatostatin are the most important hypothalamic peptide
hormones, while several factors might alter the regula-
tion of GH, including stress, exercise and nutritional sta-
tus (Caputo et al., 2021). GH exerts pleiotropic effects on
multiple organs such as muscle, bone and heart and diverse
metabolic pathways, either directly or indirectly. GH binds
to GHR of cells and stimulates the liver and other tissues to
produce insulin-like growth factors (IGFs), especially IGF-1
(Aguiar-Oliveira & Bartke, 2019). The binding of IGF-1 to
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its receptor, IGF-1R, is followed by activation of a tyrosine-
kinase-mediated intracellular signaling pathway, which leads
to increased metabolism, anabolism, cellular replication and
growth.

Metabolomics, considered one of the most rapidly devel-
oping fields of omic-sciences in recent years, is a powerful
approach for in-depth understanding of the biological mech-
anisms of diseases, and may enhance our diagnostic and
prognostic potential (Bruzzone et al., 2023; Chasapi et al.,
2022; Christopoulou et al., 2023; Georgakopoulou et al.,
2020; Georgiopoulou et al., 2022; Katsila et al., 2021; Mat-
zarapi et al., 2022; Preter & Verbeke, 2013; Vignoli et al.,
2022). It involves the characterization and quantification of
small molecules, within biological systems, such as cells,
tissues, organs or an entire organism and the differentiation
of their levels appearing in cases of pathological situations.
Due to the variation of the metabolome throughout an indi-
vidual’s lifespan, which reflects the physiological state, the
interpretation of metabolomics data is a challenging task.
However, such data remain rich in biological information
(Clish, 2015). Mass spectrometry (MS) and Nuclear Mag-
netic Resonance (NMR) spectroscopy are considered the
leading analytical approaches for revealing the metabolic
state of an organism (Markley et al., 2017). NMR-based
analysis of complex biological samples is a non-destructive
technique providing sensitivity, repeatability, and demand-
ing limited sample preparation (Markley et al., 2017).

Recent studies have shown the specific effects of GH
on metabolism when GH is over or under-produced. Acro-
megaly, a disease state with increased secretion of GH,
shows a decrease in branched-chain amino acids (BCAAs)
which is inversely correlated to serum IGF-1 (Biagetti et al.,
2019). BCAAs promote skeletal muscle growth by their GH
induced increased uptake and can also be used as substrate in
gluconeogenesis (Neinast et al., 2018). The metabolic path-
ways of glycerophospholipid, sphingolipid and linoleic acid
seem also to be affected by increased levels of GH (Wang
et al., 2020). On the other hand, studies on GHD patients
have shown reduced fatty acids and changes in different
amino acids like glutamic acid and cysteine (Hoybye et al.,
2014).

It is known that GH replacement therapy in GHD patients
reduces body fat, increases lean muscle mass, and improves
the lipid profile by lowering total cholesterol and low-den-
sity lipoprotein (LDL) levels (Yang et al., 2023). However,
at the metabolome level, GH therapy induces only modest
changes in diverse metabolites, including glutamic acid,
cysteine, and oleic acid, with no specific metabolite being
strongly correlated to IGF-1 (Hoybye et al., 2014).

In this study, we attempt to obtain a detailed view on the
metabolic fingerprint of children diagnosed with GHD and
describe the differences in its profile 3 months after the ini-
tiation of therapy with recombinant GH. Plasma, serum, and
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urine samples of twenty-two GHD children (n=22) were
analyzed by performing untargeted Nuclear Magnetic reso-
nance (NMR)-based metabolomic analysis and compared
with forty-eight age-matched controls (n=48).

Urine has been demonstrated to be a valuable sample
matrix across multiple omics fields, regarding the plethora
of extracted biological information and the non-invasive
sample's collection. As a biological waste material, urine
typically contains low levels of proteins, and higher of
metabolites from a variety of small molecule classes,
including alkaloids, amino oxides, amino acids, bile acids,
biogenic amines, carboxylic acids, cresols, hormones and
related compounds, indoles and derivatives, nucleobases
and related compounds, vitamins and cofactors, acylcarni-
tines, cholesteryl esters, and diglycerides. Despite significant
advancements in metabolite identification, not all detected
features in urine can be confidently annotated. This limita-
tion in reference databases can impede the interpretation
of statistical findings. Research has demonstrated that urine
composition is not only formed by underlying health condi-
tions or dietary intake, but also by demographic factors. For
instance, studies have shown that both gender and age have
a statistically significant effect on the urinary metabolome
(Thévenot et al., 2015), emphasizing the complex nature
of this biological fluid. Plasma and serum are both derived
from the liquid component of blood after the removal of
cells. However, they differ in composition and preparation.
Plasma is collected from blood treated with anticoagulants,
while serum is obtained after the blood has clotted, result-
ing in the absence of clotting factors. Consequently, plasma
and serum exhibit slightly distinct metabolic profiles, due to
variations in metabolite stability, composition and the bio-
logical processes related to blood coagulation. Hence, we
aim to analyze both plasma and serum metabolome since it
offers complementary insights into an organism’s metabolic
status. To our knowledge, this is the first time that the effect
of GH administration has been investigated in a subset of
patients following untargeted NMR metabolomics analysis
using the three biofluids (plasma, serum, and urine).

2 Methods
2.1 Ethics statement

This study was approved by the General University Hospital
of Patras human research ethics committee and all proce-
dures performed in studies involving human participants
were in accordance with the ethical standards of the institu-
tional and/or national research committee and with the 1964
Helsinki declaration and its later amendments or comparable
ethical standards.
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2.2 Population selection

Seventy children, twenty-two diagnosed with GHD (10
girls and 12 boys) and forty-eight healthy children (30 girls
and 18 boys) were enrolled in this study, after obtaining
informed consent from the patients and/or their parents.
GH diagnosis was validated based on clinical and labora-
tory grounds according to consensus guidelines form GH
Research society (Society, 2000). GHD was defined by stim-
ulated GH levels < 10 ng/ml in 2 consecutive GH provoca-
tion tests. Moreover, to assess the effects of GH therapy
over time, follow-up samples were collected from 15 out of
22 GHD children, three months after the commencement of
GH administration. Comprehensive baseline characteristics
of all participants are given in Table 1.

2.3 Sample collection and preparation

Plasma, serum, and urine samples were collected under
fasting conditions, stored and prepared for NMR analysis
according to the below-mentioned protocols, with adapta-
tions as described by Bernini et al. (2011). Both sample stor-
age and NMR sample preparation were carried out at the
Department of Pharmacy, University of Patras.

From each donor, blood plasma and serum samples were
withdrawn using BD Vacutainer® K3-EDTA (K3-ethylen-
ediamine tetra-acetate) spray coated tubes and BD Vacu-
tainer® SSTTM. Serum samples were gently mixed by
inverting the tube 5 times. Then they were left at room tem-
perature for 30 min and allowed to clot in an upright posi-
tion. Blood samples were centrifuged at 1500xg for 10 min
at room temperature. For each sample, the supernatant was
aliquoted in 3 fractions of 600 pL using 2 mL cryovials and
stored at — 80 °C. Urine samples were stored immediately
after collection at 40 °C for maximum of 2 h to avoid cell
breaking upon ice crystal formation. Urine samples were
centrifuged at 2500xg for 5 min at room temperature and
the supernatant from each sample was aliquoted in three
fractions of 1 mL each and were stored in 2 mL cryovials
at — 80 °C.

2.4 NMR sample preparation

Before NMR analysis, frozen aliquots were thawed at room
temperature. Plasma and serum samples (300 pL) were
mixed with 240 pL of sodium phosphate buffer (0.14 M
Na,HPO,, 0.5 mM 4,4-dimethyl-4-silapentane-1-sulfonic
acid (DSS), 4% NaN; in H,0, pH 7.4) and 60 uL. D,O.Urine
samples (540 pL.) were mixed with 60 pL of potassium phos-
phate buffer (1.5 M KH,PO,, 100% v/v D,0, 0.05 mM DSS
and 4% NaN,, pH=7.4) (Suarez-Diez et al., 2017). After
vortexing, 550 pL of each mixture was transferred into a
5 mm NMR tube (Bruker BioSpin srl).

2.5 NMR data acquisition

All spectra were recorded at a Bruker Avance III HD
700 MHz spectrometer equipped with a 5 mm cryogeni-
cally cooled 5.0 mm 1H/13C/15N/D Z-gradient probe.
To reveal all the detectable 'H signals of metabolites for
plasma, serum and urine samples, two one-dimensional (1D)
"H NMR spectra were acquired using a standard NOESY
(NOESYpresat) pulse sequence for water suppression for
all the three specimens, while the 1D 'H CPMG (Carr-
Purcell-Meiboom-Gil) pulse sequence with a presaturation
routine only for plasma and serum samples. Also, the homo-
nuclear 2D 'H J-resolved (J-res) correlation NMR experi-
ment with presaturation routine, typical for metabolomics
experiments, acquired for each sample. More specifically,
plasma and serum NMR spectra were acquired at 37 °C,
while urine samples at 25 °C. All the acquisition parameters
for the 1D "H NOESY (noesygpprld; Bruker), the 1D 'H
CPMG (cpmgprld; Bruker), and the 2D 'H J-res (jresgp-
prqf; Bruker) experiments were identical to those applied
in the study of Matzarapi et al. (2022).

2.6 Data processing
All NMR spectra were manually processed using Topspin

software (version 4.1.1, Bruker Biospin srl), transform-
ing them appropriately for the subsequent steps of the

Table 1 Baseline characteristics

A Characteristics Healthy controls (n=48) GHD group (n=22) 3 months after
of 70 participants initiation of treatment
(n=15)

Male/female 18/30 12/10 9/6

Age (years +SD) 7.75+2.21 6.94+3.13 721+2.88

Weight (kg +SD) 26.58+13 20.19+8.47 n/a

Height (cm+SD) 121.031+17.89 109.78 +18.72 n/a

BMI (kg/m?>+ SD) 17.25+4.12 16.03+1.79 n/a

IGF-1 (SDS+SD) n/a —-0.88+1.42 1.418+1.02

BMI body mass index /GF-1 insulin-like growth factor-1, SD standard deviation, n/a not available
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metabolomic analysis. Specifically, calibration, phase and
baseline corrections were performed (Puchades-Carrasco
et al., 2016). Plasma and serum NMR spectra were calibrated
on the anomeric proton of a-D-glucose at 5.24 ppm, (d),
(considered as an inherent internal standard), while for the
urine NMR spectra were aligned on the DSS at 0.00 ppm, (s)
(Pearce et al., 2008). The NMR spectral data were converted
into a data matrix (bucket table) using Amix 3.9.12 software
(Bruker BioSpin) following the “bucketing” method. Blood
plasma and serum 1D 'H CPMG spectra were segmented
into buckets of 0.04 ppm width in the spectral region from
0.7 to 8.85 ppm. 'H signals of water (4.68—5.10 ppm) were
excluded from the plasma and serum bucket table. Also,
the resonances of the anticoagulant ethylenediamine tetra-
acetate (EDTA) (2.55-2.62, 2.68-2.71 ppm, 3.07-3.24 ppm,
3.59-3.63 ppm) were excluded from the plasma bucket table.

Urine 1D 'H NOESY NMR spectra were segmented into
buckets of 0.02 ppm width across the spectral region from
0.7 to 10.5 ppm, to reduce spectral complexity (due to the
highly overlapping proton signals). The resonances of DSS
(1.73-1.79 ppm, 2.90-2.93 ppm), urea (5.50-6.24 ppm) and
water (4.61-5.16 ppm) were excluded from the urine bucket
table as well.

2.7 Statistical analysis and computational methods

Metabolite identification was performed utilizing the free
version of Chenomx NMR Suite 8.6, the databases Human
Metabolome Database (HMDB), Biological Magnetic Reso-
nance Bank (BMRB) and data from the literature (Wishart
et al., 2007). Signals were assigned using both 1D and 2D
NMR spectra, through examination of all the spectral char-
acteristics such as chemical shifts (§), multiplicity and J
coupling constants. Multivariate analysis (MVA) was the
first step to statistically investigate biological data, discover
possible outliers and classification trends. MVA was per-
formed using the online available software MetaboAnalyst
5.0 (Pang et al., 2021). For plasma and serum samples the
unsupervised method of Principle Component Analysis
(PCA) and the supervised method of Partial Least Squares
Discriminant Analysis (PLS-DA) were applied by perform-
ing Pareto scaling and normalization by median and range
scaling, respectively. For urine samples, to overcome the dif-
ferences in urine dilution, the application of normalization
methods was also required. Probabilistic Quotient Normali-
zation (PQN) and range scaling were chosen as methods for
the best statistical preprocessing. The model was validated
examining the parameters R? and Q after a tenfold cross
validation. The values of these parameters are character-
istic for the model’s fitness and predictability. Univariate
statistical analysis was the key to analyze independently the
non-overlapping metabolites’ peaks (Saccenti et al., 2014).
This targeted analysis was conducted using the programming

@ Springer

language R (R studio), via the non-parametric Kruskal-
Wallis test. Metabolites with p-value <0.05 after the False
Discovery Rate (FDR) correction were characterized as sta-
tistically significant. Correlation analysis between statisti-
cally significant metabolites and IGF-1 was performed using
Pearson Correlation test and the statistical significance was
set at p <0.05.

2.8 Pathway analysis

Metabolite Pathway analysis (MetPA) was performed by
MetaboAnalyst 5.0, shedding light on the biological mech-
anisms and biochemical pathways which are involved and
altered in GHD. The names of the statistically significant
metabolites were imported as input, the hypergeometric test
was chosen as enrichment method, the relative betweenness
centrality was preferred for topological analysis while the
Homo Sapiens was the selected pathway library from KEGG
(Ren et al., 2015).

3 Results
3.1 Plasma metabolomic analysis

For the needs of the current study, a total of eighty-five
plasma samples (n=85) were screened: Forty-eight (n=48)
samples from age-matched healthy controls (30 girls and 18
boys), twenty-two (n=22) samples from children diagnosed
with GHD (10 girls and 12 boys), and fifteen (n=15) sam-
ples from children diagnosed with GHD three months after
the initiation of GH therapy (6 girls and 9 boys). A total of
30 metabolites were detected and successfully assigned in
plasma NMR spectra from GHD children (Table S1).The
CPMG NMR data resulted from the bucketing procedure
were applied as input for the PCA (Fig. S1) and PLS-DA
method, which provided a reliable model (Fig. 1a). The ten-
fold cross validation test demonstrated a Q? value of 0.20
and an R? value of 0.40 for the third latent variable. For the
classification of plasma metabolic profiles among the three
groups, the characteristic n methylene groups of fatty acids
(1.28, 1.20, 1.24 and 0.88 ppm, —(CH,),-), 3-hydroxybu-
tyrate (1.20 ppm, -CHj;, d and 2.40, 2.28, 2.32 ppm, -CH,—,
dd), glucose (3.72 ppm, —CH—, m) and lactate and threonine
(1.36 ppm, —CHj, d) were found to be statistically signifi-
cant according to the VIP scores (VIP> 1) (Fig. 1b). Further
validation of these results was achieved through univariate
statistical analysis. Boxplots from the univariate analysis,
representing the differentiation of the relative intensity
among the three groups corroborated the results of MVA
(Fig. 2). Specifically, the boxplots highlighted that the levels
of the following seven metabolites, acetoacetate (2.28 ppm,
—-CHj;, s), acetone (2.24 ppm, —CH3, s), 3-hydroxybutyrate
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Fig. 1 Multivariate analysis of 1D 'H CPMG plasma spectra obtained
from children diagnosed with GHD before (yellow rhombus) and dur-
ing the 3 months of GH replacement (green triangles) as compared
with healthy controls (grey squares). a 2D PLS-DA scores plot indi-

(2.31 ppm, —-CH,—, dd), 3-hydroxyisobutyrate (1.07 ppm,
—CH;_ d), creatine (3.92 ppm, -CH,—, s) valine (1.04 ppm,
—CH;, d) and citrate (2.65 ppm, -CH,—, d) are increased in
GHD children compared to healthy controls. These metab-
olites have been identified as statistically significant with
p-value < 0.05 after FDR correction (Table 2). Moreover,
minor alterations were observed between the metabolic pro-
files of untreated and treated children over the three months
of GH treatment.

3.2 Serum metabolomic analysis

In total, eighty-five serum samples (n=85) were screened:
Forty-eight (n=48) samples from age-matched healthy con-
trols (30 girls and 18 boys), twenty-two (n=22) samples
from children diagnosed with GHD (10 girls and 12 boys),
and fifteen (n=15) samples from children diagnosed with
GHD three months after the initiation of GH therapy (6 girls
and 9 boys). A total of 30 metabolites were successfully
detected and assigned in serum NMR spectra from GHD
children (Table S2). CPMG NMR data were explored via
PCA (Fig. S2) and PLS-DA (Fig. 3a), which evaluated with
an R? of 0.59 and Q? of 0.41 for the third latent variable,
after a tenfold cross validation test. The variables of impor-
tance for the PLS-DA classification of serum metabolic pro-
files indicate the 'H peaks which correspond to the bucket
2.84 of the characteristic n methylene groups of fatty acids
(—(CH,),-), 3-hydroxybutyrate (1.20 ppm, -CHj, d, 2.28 and
2.40 ppm, -CH,—, dd, and 4.24 ppm, -CH-, m), 3-hydroxy-
isobutyrate (1.12 ppm, -CH;_d), citrate (2.64 ppm, -CH,—,

cates that the controls differ from GHD patients regardless of therapy.
b Rank of the top ten variables identified by the PLS-DA according to
the VIP scores on the x-axis. Colored boxes on the right correspond
to the relative concetration of each specific variable in each group

d) and creatinine (4.04 ppm, —-CH,—, s) (Fig. 3b). Univariate
analysis, in accordance with the results of the multivariate
statistical approach, revealed higher levels of acetoacetate,
acetone, 3 -hydroxybutyrate, 3-hydroxyisobutyrate, creatine
and valine in GHD children (Fig. 4, Table 3), presenting a
pattern of group differentiation similar to plasma 'H NMR
metabolic profile.

3.3 Urine metabolomic analysis

A total of 32 metabolites were successfully detected and
assigned in the urine NMR spectra from GHD children
(Table S3). Initial investigation of the urinary metabolic
profiles performed via PCA analysis imprinted the increased
heterogeneity of 'H NMR spectra, leading to a low percent-
age (37.9% at the third principal component) of the model’s
explained cumulative variance (Fig. 5a). Moreover, the PLS-
DA model revealed low discrimination efficacy in classifi-
cation of the three groups, with the tenfold cross validation
test resulting in an R? value of 0.73 and Q? value of 0.24
for the third latent variable (Fig. 5b). The high dimension-
ality, which characterizes the urine metabolomic datasets,
relative to the number of samples, often leads to overfitting
models in statistical analysis. Due to the complex nature
of urine as a biological fluid-varying in pH, metabolites,
proteins, hormones, ions and other small molecular weight
molecules and its highly variable composition both between
individuals and within the same individual over time, only
the metabolites with 'H NMR discriminant signals were
examined for statistical significance. Univariate statistical
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Fig.2 Univariate statistical analysis (a—g). Boxplots displaying the
variation of relative concetration for each one of the seven plasma
metabolites, which significantly differ between the three groups:

analysis of 17 metabolites (which did not present any over-
lapping features in '"H NMR spectra) was performed. The
relative concentrations of the metabolites were compared,
yet none of them demonstrated statistical significance. To
investigate alterations in metabolite levels a fold change
analysis was conducted, revealing the relative differences
between healthy controls and GHD children (comparison
A). Additionally, comparisons between GHD children before
and during 3 months of GH treatment (comparison B) as
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healthy controls (grey, “control””), GHD children before the initiation
of therapy (yellow, “ghd”) and GHD children after the 3 months of
GH replacement (green, “therapy”)

well as GHD children during 3 months of GH treatment and
healthy controls (comparison C) were performed and are
highlighted in Table 4.

3.4 Correlation analysis between potential
biomarkers and IGF-1

To investigate any correlation between the observed
metabolites’ changes and the levels of IGF-1, Pearson’s
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Table 2 Results of the

e . . Metabolites 3 groups Control-GHD Control-therapy Before-after
univariate statistical analysis th
. erapy
from plasma metabolites
p-value
Acetoacetate 0.011 0.010 0.122 0.781
Acetone 0.005 0.030 0.007 0.252
3-Hydroxybutyrate 0.005 0.028 0.008 0.385
3-Hydroxyisobutyrate 0.001 0.011 7.0x107 0.45
Creatine 0.005 0.009 0.009 1
Valine 0.018 0.066 0.030 0.804
Citrate 0.005 0.11 0.002 0.216

Seven statistically significant metabolites according to their p-values after the comparison between plasma
samples obtained from healthy controls and GHD children before and during 3 months of GH replacement
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Fig. 3 Multivariate analysis of 1D 'H CPMG serum spectra obtained
from children diagnosed with GHD before (yellow rhombus) and dur-
ing 3 months of GH replacement (green triangles) as compared with
healthy controls (grey squares). a 2D PLS-DA scores plot indicates

correlation analysis was conducted using the values of
IGF-1 and the semiquantitative data of univariate analy-
sis about the levels of the examined metabolites for each
sample group, GHD children and GHD children 3 months
after the initiation of treatment. The results are displayed
in Fig. 6. Before GH therapy in children with GHD, serum
levels of glutamine (r =0.66, p-value =0.0031) and glycine
(r=0.53, p-value =0.024) were significant and positive
correlated with IGF-1 (SDS), while urine levels of hippu-
rate (r=—0.58, p-value =0.0056) were significantly nega-
tively correlated with IGF-1. After 3 months of GH treat-
ment, only serum glutamine (r=0.58, p-value =0.0019)
and serum pyruvate (r=—0.49, p-value=0.011) showed
statistically significant correlations with IGF-1 (SDS).

that the controls differ from GHD patients regardless of therapy b
Rank of the top ten variables identified by the PLS-DA according to
the VIP scores on the x-axis. Colored boxes on the right correspond
to the relative concetration of the specific metabolite in each group

3.5 Metabolic disturbances induced by growth
hormone deficiency

Pathway analysis was the final approach on metabolomics
data, aiming at the correlation of the up-regulated and
down-regulated metabolites and the visualization of all
the possibly affected metabolic processes. Semiquan-
titative data of all statistically significant plasma and
serum metabolites were implemented into MetaboAna-
lyst pathway analysis. Plasma metabolome and serum
metabolome view are displayed in Fig. 7a, b. Each cir-
cle corresponds to an altered metabolic pathway. Color
intensity, from white to red reflects the increasing statis-
tical significance, expressed via p-value (y-axis), while

@ Springer



25 Page8of13

E. A. Aggelaki et al.

g = o g
& 81 g
zg. 3 3
; | § -
.| - - N =l s )
control ghd therapy control gﬁd therapy control ghd thar‘apy
vector vector vector
a. Acetoacetate b. Acetone c¢. 3-Hydroxybutyrate
2 : 25 I s
= = o
control ghd therapy control ghd therapy control ghd therapy
vector vector vector
d. 3-Hydroxyisobutyrate e. Creatine f. Valine

Fig.4 Univariate statistical analysis (a—f). Boxplots displaying the
variation of relative concetration for each one of the six serum metab-
olites, which significantly differ between the three groups: healthy

Table 3 Results of univariate
statistical analysis of serum
metabolites

circle’s diameter represents the pathway impact (x-axis).

controls (grey, “control”), GHD children before the initiation of
therapy (yellow, “ghd”) and GHD children after the 3 months of GH
replacement (green, “therapy”)

Metabolites 3 groups Control-GHD Control-therapy Before-after
therapy
p-value
Acetoacetate 0.048 0.05 0.12 0.86
Acetone 0.017 0.03 0.02 0.53
3-Hydroxybutyrate 1.0x10™ 0.002 3.0x107 0.41
3-Hydroxyisobutyrate 40%x10™ 0.006 6.0x10™* 0.41
Creatine 0.019 0.017 0.07 0.56
Valine 0.041 0.11 0.04 0.37

Six statistically significant metabolites according to their p-values after the comparison between serum
samples obtained from healthy controls and GHD children before and during 3 months of GH replacement

Furthermore, Tables S4 and S5 show the detailed results

about p-value with FDR correction and the impact values
calculated from pathway topology analysis of plasma and

serum metabolome, respectively.
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4 Discussion

The aim of this study was to determine plasma, serum and
urine metabolic profile of children diagnosed by GHD and
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Fig.5 Multivariate analysis of 1D 'H NOESY urine spectra obtained
from children diagnosed with GHD before (yellow rhombus) and dur-
ing 3 months of GH replacement (green triangles) as compared with

healthy controls (grey squares). a 2D PCA scores plot with the first
and second principal component b 2D PLS-DA scores plot indicate
that the controls differ from GHD patients regardless of therapy

Table 4 Fold change analysis of the 17 urine metabolic features detected among healthy controls and GHD children before and during 3 months

of GH treatment

Fold Change in Fold Change in Fold Change in
. Control/Deficiency Deficiency Control/Therapy
Metabolite (GHD) (GHD)/Therapy (GHT) (GHT)
(comparison A) (comparison B) (comparison C)

1-Methylnicotinamide 1.126 AGHD 0.750 VGHT 0.961 VGHT
2-hydroxyisobutyrate 1.008 A GHD 0.838 VGHT 0.919VGHT
3-hydroxyisovalerate 1.057 AGHD 0.889 VGHT 1.033 AGHT
Acetone 0.606 Y GHD 0.457VYGHT 0.325 VGHT
Alanine 1.140 AGHD 1.043 AGHT 1.267 AGHT
Creatine 0.536 YGHD 1.193 AGHT 0.580 VGHT
Creatinine 1.038 AGHD 1.363 AGHT 1.408 AGHT
Dimethylamine 0.991 YVGHD 0.972 VGHT 1.062 AGHT
Formate 0.907 ¥ GHD 0.674 VY GHT 0.837VGHT
Glycine 1.204 AGHD 1.186 AGHT 1.495 AGHT
Hippuratel 0.940 VGHD 1.245 AGHT 1.173 AGHT
N-phenylacetylglycine 0.872VGHD 0.890 VGHT 0.859 VGHT
Pyruvate 0.853 VGHD 0.880 YGHT 0.870¥ GHT
TMAO 1.398 AGHD 1.068 AGHT 1.414 AGHT
Trigonelline 0.919 VGHD 1.002 AGHT 1.028 AGHT
Tyrosine 1.012AGHD 1.334 AGHT 1.311 AGHT
Valine 0.934VGHD 1.045 AGHT 0.982 VGHT

Symbols A and V indicate the elevated levels and the decreased levels for each metabolite.

investigate any effects of 3-months GH therapy on the met-
abolic signature through NMR spectroscopy. We further
examined whether modifications on the levels of certain
metabolites are correlated with changes in IGF-1 (SDS). Our

findings revealed a distinct metabolic fingerprint in GHD
children compared to healthy controls, but the alterations in
the metabolome three months after initiation of GH therapy
were minor, with no discriminative statistical power.
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More specifically, metabolites’ composition was similar
either in plasma or in serum. Moreover, the results indi-
cated increased levels of the following three ketone bodies
acetoacetate, 3-hydroxyisobutyrate and 3-hydroxybutyrate.
These findings suggest an upregulation of ketogenesis, this
metabolic pathway that provides an alternative energy source
when glucose is scarce. Ketogenesis is typically activated
by counterregulatory hormones such as glucagon, growth
hormone, and cortisol, which promote fatty acid mobiliza-
tion for energy production (Kerner & Hoppel, 2004). In the
context of GHD the absence of this key regulator may lead
to impaired glucose utilization and increased reliance on
ketone body production to meet energy demands.

The detailed analysis of the blood metabolome showed
that children with GHD had higher circulating levels of
valine compared to the control group. Interestingly, previ-
ous studies have confirmed lower levels of that metabolite in
adults with acromegaly, a condition characterized by exces-
sive GH secretion (Biagetti et al., 2019). This contrast sup-
ports the idea of a negative association between GH and the
levels of valine.

Moreover, we observed higher levels of creatine among
children with GHD, suggesting a potential increase in skel-
etal mass protein turnover. This finding indicates that GHD
may affect muscle metabolism, likely due to alterations in
muscle protein synthesis and degradation.

In contrast, plasma and serum glutamine levels were
significantly reduced in children with GHD compared to
healthy controls. This was supported also by univariate anal-
ysis, in where glutamine was assessed independently. GH
therapy tended to normalize glutamine levels by increasing
them, and, interestingly, these changes were statistically cor-
related with variations in IGF-1 SDS levels observed before
and after initiation of treatment. Decreased glutamine levels
have previously been found in a group of children with short
stature, which included both GHD and idiopathic short stat-
ure cases (Xu et al., 2019).

Furthermore, the NMR metabolomic analysis revealed
that many of the metabolites altered in GHD could be
classified as fatty acids (FAs). However, the methodology
employed in this study focused to the aqueous metabolite
content of the biological fluids analyzed. Moreover, this 'H
NMR analysis provides limited structural information about
the presented lipids, which cannot lead to the specific lipid
characterization. Recently, Yang et al. (2023), published
a detailed metabolic analysis focused on the lipid profile
of adult GHD. Their identified signature markers include
diacylglycerol (DG), cytidine diphosphate DG (CDP-DG),
phosphatidylcholine (PC), phosphatidylethanolamine (PE),
phosphatidylinositol, phosphatidylserines, lysophosphati-
dylcholine, and lysophosphatidylethanolamine (LysoPE),
all of which are implicated in pathways such as unsatu-
rated fatty acids biosynthesis, sphingolipid metabolism,

glycerophospholipid metabolism, fatty acid elongation,
degradation and biosynthesis. Thus, based on our results
we could only highlight a reduction in FAs in children with
GHD, while GH treatment tented to normalize FAs levels, in
accordance with the well-established lipolytic effect of GH
(Molitch et al., 2011).

Additionally, we identified all the other pathways involv-
ing metabolites with statistically significant levels. More
specifically, for both plasma and serum metabolome the
affected metabolic pathways included alanine, aspartate
and glutamate metabolism, arginine and proline metabolism,
butanoate metabolism, citrate cycle, cysteine and methionine
metabolism, glyoxylate and dicarboxylate metabolism, gly-
cine, serine and threonine metabolism, the pathway of glyco-
lysis/gluconeogenesis, pantothenate and CoA biosynthesis,
pyruvate metabolism, tyrosine metabolism as well as bio-
synthesis and degradation of valine, leucine and isoleucine.

To evaluate the metabolomic signatures associated with
different pediatric health conditions, we aimed to assess the
similarities, differences and unique patterns within their
respective NMR metabolic fingerprints. Consequently, we
compared the results of the present study with the findings
of the metabolomic analysis of children with premature
adrenarche (PA), a previous research which was conducted
using the same analytical approach and methodology (Mat-
zarapi et al., 2022). More specifically, in PA children, plasma
levels of alanine, glucose, glycerol, lactate, and leucine, as
well as serum levels of glucose, glycerol, glycine, myo-inosi-
tol, and serine, were notably different. In contrast, the metab-
olomic signature associated with growth hormone deficiency
(GHD) exhibited a high degree of similarity between plasma
and serum samples, characterized by elevated concentrations
of acetoacetate, acetone, 3-hydroxybutyrate, 3-hydroxy-
isobutyrate, creatine, and valine. Regarding the urinary
metabolome, the GHD profile revealed differences in a panel
of 17 metabolites, while the PA urinary metabolome high-
lighted four key metabolites: 3-methyl-histidine, hippurate,
urocanic acid, and mannitol. Among these, only hippurate
appears to be a common marker, showing reduced levels in
both PA and GHD children compared to healthy individu-
als. Based on our observations, nuclear magnetic resonance
(NMR) analysis of urinary metabolic profiles, even though it
is complicated, has demonstrated enhanced sensitivity when
applied to the classification of pediatric metabolic disorders
through an untargeted analytical approach.

As a constraint of this study regarding the interpreta-
tion of data could be considered the number of partici-
pants, which was relatively limited, particularly those who
received GH treatment. A more extensive sample size
could potentially improve the discrimination between pre
and post GH treatment metabolomic profiles; however, the
advantage of the paired samples empowers the statistical
analysis concerning the differences between the levels of
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diverse metabolites across all fluids. Given that GH initiates
its metabolic actions early, it is expected that the 3-month
interval may be adequate to reveal changes. On the other
hand, longitudinal data collected at longer intervals may
reveal more significant or even different effects.

Overall, it is undeniable that the analysis of the metabo-
lome is quite complex and there have been limited studies to
date regarding the GH deficiency, particularly in children.
This study establishes a pivotal starting point, providing val-
uable insights into the relationship between the metabolic
profile of children diagnosed with growth hormone defi-
ciency (GHD) and those experiencing typical physiologi-
cal growth. Additionally, it represents the first metabolome
analysis aiming at correlating the impact of growth hormone
(GH) therapy on children with GHD pre and post initiation
of treatment. The identified IGF-1 associated metabolites can
be investigated in future metabolomic analysis as potential
biomarkers to monitor the metabolic effect of GH treatment.
To reveal all the unique features of the metabolome and its
role in the diagnosis and therapy of GHD more studies are
required. Future studies should strive for increasing the sam-
ple size and examining the effects of GH replacement after
six (6), twelve (12) and twenty-four (24) months (with a long
term follow up outcomes up to 5 years or so). Moreover, as
studies have demonstrated that GHD affects the pathway of
biosynthesis of unsaturated fatty acids in adults, lipidomic
analysis in pediatric population is also required to confirm
these findings in younger ages and provide additional infor-
mation about children’s lipidomic profiles.
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