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riven identification of
perturbations in amino acid and sphingolipid
metabolism as therapeutic targets in a rat model of
anorexia nervosa disease using chemometric
analysis and a multivariate analysis platform†

Hong Yao,a Peng-Cheng Yub and Chun-Ming Jiang *a

It is important to explore novel therapeutic targets and develop an effective strategy for the treatment of

anorexia nervosa. In this work, serum samples were analyzed using ultra-performance liquid

chromatography coupled with quadrupole time-of flight mass spectrometry (UPLC/Q-TOF MS) coupled

with chemometric analysis and multivariate analysis to obtain the metabolites and their corresponding

pathways. In addition, knock-in and knock-down of the key enzyme in vivo was performed to verify the

reliability of the obtained metabolic pathway, which is closely associated with the anorexia nervosa

pathomechanism and the potential targets. There were significant differences in the biochemical

parameters between the model group and the control group. A total of 26 potential biomarkers were

identified to resolve the difference between the control and model rats, which were closely related to

amino acid metabolism, sphingolipid metabolism, arachidonic acid metabolism, the citrate cycle, and so

forth. According to the ingenuity pathway analysis, we further elucidated the relationship between the

gene, protein, and metabolite alteration in anorexia nervosa, which are involved in cellular compromise,

lipid metabolism, small molecule biochemistry, cell signaling, molecular transport, nucleic acid

metabolism, cell morphology, cellular function and maintenance. Arginosuccinate synthetase (ASS)

deficiency was accompanied by a significant downregulation of the b-endorphin and ghrelin in the

animal models. The metabolites and pathways obtained using the metabolomics strategy may provide

valuable information for the early treatment for anorexia nervosa.
1. Introduction

Anorexia nervosa is a common and frequently-occurring disease
in children, in which the appetite of a child is weak for a long
period of time, the food intake is signicantly reduced, and it
can even result in food refusal.1,2 Previous research has shown
that major disparities exist between different regions of the
world and the prevalence of anorexia nervosa, with Latin
America, Africa, and certain areas of the USA, such as those with
a high population of Hispanic people, having a strikingly low
rate of anorexia nervosa compared with Western countries such
as those in Europe and other areas of the USA, China and Japan.
The rate of prevalence of anorexia nervosa in China amounts to
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more than 1%, however, it accounts for less than 0.01% in
Africa. In recent research conducted in Asia, children suffering
from anorexia nervosa were mostly female.3,4 Long-term
anorexia nervosa can lead to malnutrition, body weight loss,
hypoimmunity, growth retardation and secondary infections, in
addition, it also affects the mental health of children causing
a huge burden on families and society.5 Anorexia nervosa in
children is associated with various factors such as improper
feeding, mental stress, and an irregular lifestyle.6 Studies have
shown that the infant digestive system is not perfect at birth and
can only be adapted to dairy foods. Improving the function of
the digestive system requires food, adding food supplements in
time can avoid the occurrence of anorexia nervosa in children. It
can damage the digestive function if complementary foods are
added too early, and this can lead to indigestion and obesity in
children.7 At present, a gastric enzyme mixture, dry yeast
tablets, morphine, amitriptyline and other drugs are used by
clinical doctors inWestern countries. In Asian countries such as
China, acupuncture and chiropractic treatments are also used,
as well as traditional Chinese medicine.8,9 Children as a special
group have their own unique physiological characteristics, and
This journal is © The Royal Society of Chemistry 2020
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drug treatment for pediatric diseases is much more compli-
cated than for adults.10 In recent years, the development of
novel therapeutics to treat anorexia nervosa has not kept pace
with the increase in its prevalence, and one of the bottlenecks in
the progress of such therapeutic advances is an incomplete
understanding of the pathophysiology of anorexia nervosa in
children.11 Therefore, there is an urgent need to nd a new
approach to deal with this issue.

Metabolomics is an emerging subject following on from
genomics, transcriptomics and proteomics.12,13 Metabolomics
offers a “top-down” approach and is based on the fact that
metabolites reect the cell environment, cell nutritional status,
drug function and other environmental factors.14–17 In general,
the subject of metabolomics concerns small molecule
compounds with a molecular weight of 1000 or less. Compared
with other omics, it has the following characteristics: subtle
changes in gene and protein expression can be amplied on
metabolites; metabolomics research does not require whole
genome sequencing or a large number of databases to be
established which express sequence tags; the number of
metabolites is much smaller than that of genes and proteins;
the kinds of metabolite are found to be roughly similar in
different biological samples using metabolic research
methods.18,19 This can not only determine how the different
organisms respond aer being disturbed by various internal
and external environments, but also distinguish the phenotypic
differences between different individuals of the same species
and help to elucidate the mechanisms of individual differ-
ences.20 In addition, metabolomics can clarify drug targets or
receptors through pharmacokinetics and provide insights into
the changes in endogenous metabolites produced by drugs for
guiding individualized drug treatment and evaluating clinical
safety.21 In larger data, various analytical techniques are widely
used such as nuclear magnetic resonance (NMR), gas
chromatography-mass spectrometry (GC-MS), and liquid
chromatography-mass spectrometry (LC-MS).22–24 Compared to
GC-MS and NMR technology platforms, the sample detection
requirements for LC-MS are low, and the technique demon-
strates a high sensitivity, wide linear range, and it can also
achieve good detection results for metabolites with a large
difference in concentration. Combined with different mass
analyzers, LC-MS meets the qualitative and quantitative
requirements for small molecule materials and plays an
important role in nontargeted and targeted metabolomics.25,26

However, to date, metabolomic studies of anorexia nervosa in
children are still limited and methodologically heterogenous.
Despite promising ndings, there are no translatable
biomarkers for this disorder in clinical practice.27

The aim of this study was to reveal the metabolites and
biological pathway that can distinguish children with anorexia
nervosa from healthy children based on ultra-performance
liquid chromatography mass spectrometry (UPLC-MS)
combined with multivariate data analysis and pathway anal-
ysis, which provides a novel method to probe the potential
pathological mechanisms, therapeutic targets and the potential
for novel drug development. Meanwhile, a knock-in and knock-
down key enzyme in vivo assay was carried out to verify the
This journal is © The Royal Society of Chemistry 2020
reliability of the obtained metabolic pathway, which is closely
related to the anorexia nervosa pathomechanism. A total of 26
potential biomarkers were identied to reect the pathological
changes in anorexia nervosa disease, and the metabolism of
amino acids and sphingolipids were regarded as potential
targets for capturing it.

2. Materials and methods
2.1 Chemicals and reagents

Methanol, acetonitrile and formic acid at HPLC grade were
acquired fromMerck Chemicals (Darmstadt, Germany). Distilled
water (18.25 U) for the mobile phase and for preparation of the
aqueous solutions was purchased from Wahaha puried water
company (Hangzhou, China). Leucine enkephalin, with a purity
of more than 99.0% was purchased from Sigma-Aldrich (St.
Louis, MO, USA). Isouorane, physiologic saline solution and
sodium hydroxide were purchased from Sea Sky Bio Technology
Co. Ltd (Beijing, China). The assay kit for serum b-endorphin and
ghrelin was purchased from Merck Chemicals (Darmstadt, Ger-
many). The assay kits for the serum total cholesterol (TC), total
protein (TP), albumin (Alb), motilin (MTL) and gastrin (GAS) were
obtained from Sigma Aldrich (St. Louis, MO). Other reagents and
chemicals were of analytical grade.

2.2 Establishing the animal model

Male and female specic pathogen free (SPF) grade Sprague
Dawley (SD) rats, 40–45 days old, were purchased from the Vital
River Laboratory Animal Technology Co., Ltd (Beijing, China).
They were subjected to one week of acclimatization under which
the conditions were set as follows: pathogen-free, standard
rodent pellet and water, 22–26 �C room temperature, 45 � 5%
relative humidity and a 12 h diurnal cycle. To avoid any external
interference factors, the animals and cages were homologous
during the entire process. All animal experiments were per-
formed and ratied by the Animal Care and Use Committee of
Harbin Medical University and the tenets recorded in the
Declaration of Helsinki. Aer environmental adaptation, 40 rats
were selected and allocated to two groups with 20 rats in each
according to their body mass and food intake in order to obtain
groups of animals with a similar body mass and food intake.
The rats in the model group were fed a special feed and the rats
in the control group were fed conventional food for 28 days. The
special feed was composed of sh pine, milk powder, sugar,
corn our, soy our, fresh eggs, and fresh meat fat meat at
a proportion of 1 : 1 : 1 : 1 1 : 2 : 1.8 : 2.

2.3 Conventional index and biochemical index detection

The appearance, activity and eating status of the animals was
observed daily. The body weight and eating status of the rats in
the control and model group were recorded on day 1, 4, 8, 12,
16, 20, 24, and 28, respectively. The rats in the two groups were
fasted on the 28th day at 8 o'clock. The two groups of rats were
anesthetized using 10% chloral hydrate (5 mL kg�1) by intra-
peritoneal injection. Blood samples from the ventral vena cava
were delivered into Eppendorf tubes to be centrifuged at
RSC Adv., 2020, 10, 4928–4941 | 4929
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3000 rpm, 4 �C for 15 min. The obtained serum samples were
collected and stored at �80 �C prior to kit detection and
metabolomics analysis. Aer the blood was collected from the
rats, the cardia was ligated and the entire stomach was
removed. The gastric juice was carefully collected to be centri-
fuged at 3000 rpm, 4 �C for 15 min. The supernatant of the
gastric juice was aspirated prior to the next analysis. All animals
were injected with 3% pentobarbital sodium (0.1 ml/100 g,
weight) for euthanasia.

2.4 Metabolomic analysis conditions

The serum samples were analyzed using a 2.1 � 100 mm C18
reverse-phase column with a 1.8 mm particle size (Waters Corp.,
Milford, MA, USA) using a Waters Acquity TM UPLC system
equipped with a Waters accurate quadrupole-time-of-ight (Q-
TOF) mass spectrometer (5500 Q-TRAP, AB SCIEX, USA). The
procedure for the metabolomic study consisted of sample
preparation, metabolite separation and detection, data pre-
processing and statistical analysis for metabolite identication.
The conditions for the chromatographic separation and mass
spectrometry were explicitly narrated as follows: the column
was maintained at 35 �C, the injected sample volume was 4 mL
and the ow rate was maintained at 0.4 mL min�1. The opti-
mized mobile phase contained water (A) and acetonitrile (B),
which both contained 0.1% formic acid. The UPLC gradient
program was 0–1 min 100% A, 1–3 min linear from 100 to 80%
A, 3–5 min linear from 80 to 45% A, 5–8 min linear from 45 to
25% A, 8–10min linear from 25 to 100% A, and 10–12min 100%
A. The autosampler was maintained at 4 �C.

The mass spectrometry (MS) was performed in the multiple
reaction monitoring mode at a mass range of 50–1200 m/z in
positive and negative ionization. For the positive electrospray
mode, the optimal capillary voltage and cone voltage was set at
4500 and 35 V, respectively. The cone gas was set to 50 L h�1.
The extraction cone voltage was set at 4 V, and the source
temperature was set at 130 �C. The desolvation gas was set to
550 L h�1 at a temperature of 400 �C. For the negative electro-
spray mode, the optimal capillary voltage and cone voltage was
set at 4000 and 30 V, respectively. The cone gas was set to 40 L
h�1. The extraction cone voltage was set at 3 V, and the source
temperature was set at 110 �C. The desolvation gas was set to
550 L h�1 at a temperature of 300 �C. Under the W optics mode
with a 12 000 dpi resolution, the mass spectrometry was oper-
ated by dynamic range extension. The data acquisition rate was
set to 0.1 s with a 0.15 s interscan delay. Leucine-enkephalin was
considered as the lock mass at a concentration of 100 ng ml�1

and a ow rate of 5 mL min�1 to ensure the accuracy and
reproducibility of the positive ion mode ([M + H]+ ¼ 556.2771)
and the negative ion mode ([M � H]� ¼ 554.2614). All of the
acquired data were imported to Prognosis QI andMarkerlynx XS
(Waters Corporation, MA, USA) within theMasslynx soware for
pretreatment.

2.5 UPLC-MS method assessment

The precision and repeatability of the UPLC-Q-TOF-MS method
was assessed every day, the commercial soware programs
4930 | RSC Adv., 2020, 10, 4928–4941
Progenesis QI and MassLynx developed by Nonlinear Dynamics
(Waters Corporation) were applied to process the raw data and
the missing data were seemingly undetectable and set to zero,
then the data were log 2 transformed and normalized to the
total signal for every rat. For analytical method assessment, 20
mL of each of the samples was mixed to give a quality control
sample that was tested during the analysis. On the basis of
different metabolite polarities and m/z values, nine distinctive
peaks were extracted for the assessment of method validation.
The relative standard deviation percentage (RSD%) of the
retention times and peak areas were calculated to give an
evaluation index. Injection precision was performed using the
continuous analysis of six replicates of the same quality control
samples. The RSD% of the retention times and the peak areas
were 0.63% and 2.4%. The six parallel samples were analyzed
using UPLC-high denition MS (HDMS) to evaluate the sample
preparation repeatability. The RSD% of the retention times and
peak areas were 0.57% and 2.8%. This method presents good
repeatability and precision of this research.
2.6 Metabolomics data processing

The processed data matrices were input into the EZinfo 2.0
soware (Waters Corporation, Milford, MA, USA) for further
multivariate data analyses such as unsupervised principal
component analysis (PCA), orthogonal projection to latent
structure-discriminant analysis (OPLS-DA) and a variable
importance in projection (VIP) score plot. PCA aer the unit
variance scaling process was employed to obtain the general
separation of all samples, and then the differences in the meta-
bolic proling between groups were revealed by multivariate
predictive modeling. The contribution to the variation in the S-
plots and the corresponding VIP were calculated as well in
metabolic proling. Aer the unit variance scaling process, the
number of components in the model was optimized using
a seven fold cross-validation to avoid the overtting problem of
the OPLS-DA model. In addition, 200 times permutation tests
were also analyzed, in which 200 models with randomly assigned
labels are constructed for the samples, and a comparison is then
performed between the goodness of t of the original model and
the goodness of t of the permutedmodels (Fig. S1†). Finally, the
validity of the OPLS-DA models was veried using an analysis of
variance (ANOVA) of the cross-validated residuals (CV-ANOVA)
test. Each potential biomarker was selected if the VIP-value was
more than 1.0 while the P value of the independent sample t-test
was less than 0.05. All statistical tests were two-sided, and the
signicant level was set at P < 0.05.

The identication of potential biomarkers was performed
based on exact molecular weights, them/z element composition
(MassLynx i-FIT soware, Waters Corporation, Milford, MA,
USA), MS, MS E fragment, and literature comparisons.
Compared with the actual value, the mass tolerance of the
measured m/z was set to within 20 ppm. Online information for
the biomarkers was obtained from databases including the
Human Metabolome Database (http://www.hmdb.ca), KEGG
(http://www.kegg.com), METLIN (https://metlin.scripps.edu),
MassBank (https://massbank.eu/MassBank/) and Chemspider
This journal is © The Royal Society of Chemistry 2020



Paper RSC Advances
(http://www.chemspider.com/). Under the same UPLC-MS
conditions, some metabolites were conrmed by the reference
standards. The discrepant metabolite biomarkers were input
into the MetaboAnalyst platform (http://www.metaboanalyst.ca/
) to analyze the relative metabolic pathways to compare healthy
children and those with anorexia nervosa. To systematically
understand the difference in the metabolism between healthy
children and those with anorexia nervosa, we uploaded the
differentially expressed metabolite lists (with Human Metab-
olome Database identication numbers) onto an Ingenuity
Pathway Analysis (IPA) server, which involved canonical path-
ways and analysis of multiple chemical–protein interaction
Fig. 1 The average daily food intake, body weight in different days and bi
(C) b-endorphin; (D) ghrelin; (E) TC; (F) TP; (G) GAS; (H) MTL; (I) Alb; (J)

This journal is © The Royal Society of Chemistry 2020
networks to further clarify the relationship between metabolic
changes.
2.7 Enzyme analysis

Lentivirus expressing full-length rats argininosuccinate synthe-
tase (ASS) cDNA and lentivirus containing empty plasmids
(vector) were constructed by Sigma-Aldrich (St. Louis, MO). In
addition, lentivirus carrying shRNA against ASS and lentivirus
containing nonspecic ASS (scramble) were also constructed by
Sigma-Aldrich. Aer cleaning, the rats were injected with the
recombinant vector using a 31 G needle. No toxic effects were
found aer treatment with the lentiviral vector.
ochemical index detection. Note: (A) daily food intake; (B) body weight;
total acid; (K) free acid; (L) digestive enzyme activity.

RSC Adv., 2020, 10, 4928–4941 | 4931



Fig. 2 Multivariate analysis frommetabolites in anorexia nervosa rats. (A) OPLS-DA score plot of serummetabolites for clustering of the control and
model group in the positive ionmode. (B) Loading plot for the OPLS-DAmodel of serummetabolites for clustering of the control and model group
in the positive ion mode. (C) S-plot of the OPLS-DA model of serum metabolites for clustering of the control and model group in the positive ion
mode. (D) VIP-plot of the OPLS-DA model of serum metabolites for clustering of the control and model group in the positive ion mode.

RSC Advances Paper
3. Results
3.1 Conventional index and biochemical index analysis

Rats in the control group had shiny hair and were active, and
the rats in the model group presented as being exasperated,
Fig. 3 Multivariate analysis from metabolites in anorexia nervosa rats. (
control and model group in the negative ion mode (total explained va
metabolites for clustering of the control and model group in the negative
clustering of the control and model group in the negative ion mode. (D)
the control and model group in the negative ion mode.

4932 | RSC Adv., 2020, 10, 4928–4941
having dry stools and hair, and showed reduced activity. On the
rst to the eighth day of the experiment, the average daily food
intake of the model group was about 30% lower than that of the
control group. The average daily food intake for the model
group from the eighth to the 28th day was 40% to 50% lower
A) OPLS-DA score plot of the serum metabolites for clustering of the
riance A ¼ 99%). (B) Loading plot of the OPLS-DA model of serum
ion mode. (C) S-plot of the OPLS-DA model of serum metabolites for

VIP-plot of the OPLS-DA model of serum metabolites for clustering of

This journal is © The Royal Society of Chemistry 2020
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than that of the control group, these signicant differences can
be seen in Fig. 1A. On the rst to the eighth day of the experi-
ment, the average body weight of the rats in the model group
was less than 10% of the control group, and there was no
signicant difference compared with the control group. On the
eighth to the 28th day, the average body weight of the rats in the
model group was lower than that of the control group by 10% to
15%, this signicant difference can be seen in Fig. 1B.

In Fig. 1C–J, the b-endorphin, MTL and GAS found in the
blood samples of the model group were lower than those in the
control group, and the TC, TP and Alb in the blood samples
were higher than those in the control group. The ghrelin level in
the control group compared with the model group was signi-
cantly higher than that aer the meal, and the ghrelin level was
Fig. 4 Heatmap visualization for significant changes in potential biomark
the control group, the levels of 18 metabolites were downregulated and
the color presents the concentration changes of the biomarkers in the h

This journal is © The Royal Society of Chemistry 2020
signicantly lower aer the meal. The level of ghrelin in the
control group was signicantly higher than that in the model
group. There was no signicant difference between the two
groups aer a meal, which indicated that the ghrelin level may
be the most important factor affecting appetite. The total acid
and free acid in the gastric juice of the model group were
signicantly lower than those in the control group. The pepsin
activity of the model group was lower than that of the control
group, indicating that the model rats had digestive dysfunction.
3.2 Metabolite discovery and identication

According to the conditions described above, serum samples
from 20 control rats and 20 model rats were subjected to UPLC-
Q-TOF-MS metabonomic proling. Aer data processing, the
er candidates between the control and model groups. Compared with
eight metabolites were upregulated, the difference in the brightness of
eatmap.

RSC Adv., 2020, 10, 4928–4941 | 4933



Fig. 5 Relative signal intensities of serum metabolites in different groups identified using UPLC-MS. * represents p < 0.05 and ** represents p <
0.01.

Fig. 6 Altered metabolomic pathways of 26 biomarkers observed in
the serum sample using MetPA. (1): D-arginine and D-ornithine
metabolism (impact value ¼ 0.571); (2): D-glutamine and D-glutamate
metabolism (impact value ¼ 0.416); (3): arachidonic acid metabolism
(impact value ¼ 0.287); (4): alanine, aspartate and glutamate metab-
olism (impact value ¼ 0.171); (5): sphingolipid metabolism (impact
value ¼ 0.150); (6): phenylalanine metabolism (impact value ¼ 0.127);
(7): TCA cycle (impact value ¼ 0.125); (8): synthesis and degradation of
ketone bodies (impact value¼ 0.125); (9): glycosylphosphatidylinositol
(GPI)-anchor biosynthesis (impact value ¼ 0.125); (10): arginine and
proline metabolism (impact value ¼ 0.116); (11): glycerophospholipid
metabolism (impact value ¼ 0.109).

RSC Advances Paper
obtained data were imported into EZinfo 2.0 soware for
multiple statistical analyses. In Fig. 2A and 3A, distinct meta-
bolic proles could be observed from the OPLS-DA score plots
between the control group and the model group, and the
separation indicated that the model rats appear to present
metabolic changes. In the corresponding loading-plots (Fig. 2B
and 3B), the ions of the metabolites furthest away from the
origin are likely to be considered as the differentiating metab-
olites. The S-plot (Fig. 2C and 3C) and the VIP score plot (Fig. 2D
and 3D) obtained aer the OPLS-DA analysis were used for
performing metabolite visualization and discovery, which
demonstrated that the distance of the ions from the origin
possesses a positive correlation with the alteration of the
metabolic trajectory and the variables contributing to cluster
and discrimination.

On the basis of the VIP > 1 of the OPLS-DA model and the P <
0.05 of the nonparametric Mann–Whitney U test, potential
biomarker ions with the exact m/z were selected, and the
differential ions between each of the two groups were selected
and identied by the RT–m/z pairs and tandem MS fragmenta-
tion in online databases. When themass difference between the
observed and theoretical mass was < 10 ppm, the metabolite
name was reported. In Table S1,† a total of 26 metabolites were
identied, including valyl-alanine, L-glutamine, citric acid, L-
arginine, isocitric acid, uric acid, 3-hydroxybutyric acid, L-
leucine, g-carboxyglutamic acid, L-phenylalanine, pyruvate, D-
ornithine, glycocholic acid, taurodeoxycholic acid, SM (d18:1/
22:0), D-tryptophan, D-glutamic acid, arachidonic acid, sphin-
gosine, LysoPE (0:0/20:0), Cer (d18:0/18:0), LysoPC (17:0), PE
(15:0/24:1(15Z)), L-lactic acid, LysoSM (d18:0) and palmitic
amide. Compared with the control group, 18 metabolite levels
were downregulated and eight metabolites were upregulated,
4934 | RSC Adv., 2020, 10, 4928–4941 This journal is © The Royal Society of Chemistry 2020
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the difference in the brightness of the color presents the
concentration changes in the biomarker in the heatmap (Fig. 4)
and the relative signal intensities of the serum metabolites are
shown in Fig. 5.
3.3 Metabolic pathway and network analysis

The free web-based tool with pathway topology analysis based
on the MetaboAnalyst platform, MetPA analysis, showed that
the differentiated biomarkers were mainly involved in D-argi-
nine and D-ornithine metabolism, D-glutamine and D-glutamate
metabolism, arachidonic acid metabolism, alanine, aspartate
and glutamate metabolism, sphingolipid metabolism, phenyl-
alanine metabolism, the citrate cycle (TCA cycle), the synthesis
and degradation of ketone bodies,
glycosylphosphatidylinositol-anchor biosynthesis, arginine and
proline metabolism, and glycerophospholipid metabolism
(Fig. 6). The metabolite–metabolic pathway interaction network
from KEGG is shown in Fig. 7, which mainly refers to L-gluta-
mine, citric acid, L-arginine, isocitric acid, uric acid, L-leucine, L-
Fig. 7 The metabolite–metabolic pathway interaction network from KEG
blue symbols represent the metabolic pathways.

This journal is © The Royal Society of Chemistry 2020
phenylalanine, pyruvate, D-ornithine, arachidonic acid, sphin-
gosine, L-lactic acid, PE, Cer and SM. The gene–metabolite
interaction network enables the exploration and visualization of
interactions between functionally related metabolites and
genes, which mainly came down to arachidonic acid (254
genes), L-arginine (206 genes), citric acid (165 genes) and L-
glutamine (133 genes), SM (d18:1/18:0) (66 genes), uric acid (60
genes), L-leucine (59 genes) and L-phenylalanine (50 genes), as
shown in Fig. 8. The metabolite–metabolite interaction network
involved in D-glutamic acid, L-glutamine, L-arginine, L-phenyl-
alanine, L-leucine, arachidonic acid, uric acid, isocitric acid, L-
lactic acid and D-tryptophan highlights the potentially func-
tional relationship (Fig. 9) in line with reactions from similar
chemical structures and molecular activities. The IPA that was
generated using six networks displays cellular compromise,
lipid metabolism, small molecule biochemistry, cell signaling,
molecular transport, nucleic acid metabolism, cell morphology,
cellular function and maintenance disorder in the model rats,
which mainly refers to 1-carboxyglutamic acid, 1-heptadeca-
noyl-2-hydroxy-sn-glycero-3-phosphocholine, citric acid, 3-
G in anorexia nervosa rats, red symbols represent the metabolites and

RSC Adv., 2020, 10, 4928–4941 | 4935
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hydroxybutyric acid, hexadecanamide, C18 dihydroceramide,
d18:1/22:1 sphingomyelin and isocitric acid activity, and the
merged network is shown in Fig. 10.
3.4 Biological verication

We hypothesized that the upregulation of endogenous arginine
by ASS exerts favorable therapeutic effects on anorexia nervosa
in children. ASS is a key enzyme in the synthesis of arginine
from citrulline, and the knock-down of ASS has been linked to
the downregulation of arginine. ASS expression was reduced
aer anorexia nervosa was caused by the stimulation of being
fed a diet of special feed composed of sh pine, milk powder,
sugar, corn our, soy our, fresh eggs, and fresh meat fat at
a proportion of 1 : 1 : 1 : 1 1 : 2 : 1.8 : 2. The knock down of ASS
suppressed the expression of b-endorphin and ghrelin, which
provides strong evidence of a change in appetite. We further
investigated the expression of ASS in anorexia nervosa juvenile
rats and found that ASS expression was signicantly down-
regulated in model rats. Meanwhile, ASS overexpression resul-
ted in signicant upregulation of arginine in rats. ASS
overexpression increased the expression of b-endorphin and
ghrelin in model rats. In contrast, ASS deciency exacerbated
progression of the disease. Taken together, these results iden-
tied ASS as a potential therapeutic target for the treatment of
anorexia nervosa.
Fig. 8 The gene–metabolite interaction network in anorexia nervosa rat
acid (165 genes), L-glutamine (133 genes), SM (d18:1/18:0) (66 genes), uri

4936 | RSC Adv., 2020, 10, 4928–4941
4. Discussion

Reduced levels of sphingolipids and phospholipid metabolites
in the model group, such as LysoSM (d18:0), LysoPC (17:0), PE
(15:0/24:1(15Z)) and sphingosine indicates sphingolipid and
phospholipid metabolic disorders in anorexia nervosa rats.
Sphingolipids (SPL) are a class of amphoteric lipids containing
a sphingosine skeleton with one long chain of fatty acids
attached to one end and a polar alcohol at the other end,
including sphingomyelin, cerebroside, and gangliosides.28,29

The congenital defect in phospholipase leads to accumulation
of sphingomyelin in tissues causing liver and splenomegaly,
and this can even affect the central nervous system and become
life-threatening.30 Phospholipase is involved in regulating cell
growth, differentiation, aging, programmed cell death and
many important signal transduction processes. SPL is present
in cell membranes such as those in animals, plants and fungi,
and is contained in the tissues of the central nervous system at
high levels.31 Hydrolysis of intracellular sphingomyelin is cata-
lyzed by neurophospholipidase in lysosomes. The hydrolysate is
ceramide, and choline phosphate and can continue to be
metabolized. SPL is synthesized in hepatocytes to form lipo-
proteins, and changes in the lipoprotein components may lead
to an increase in atherosclerosis. Studies have shown that SPL
not only helps to treat atherosclerosis, but also has a positive
s, including arachidonic acid (254 genes), L-arginine (206 genes), citric
c acid (60 genes), L-leucine (59 genes) and L-phenylalanine (50 genes).

This journal is © The Royal Society of Chemistry 2020
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therapeutic effect on insulin resistance, diabetes and cancer.32,33

The basic structure of the glycerophospholipids is a phospha-
tidic acid with a substituent group attached to the hydroxyl
group of the phosphate, and this can be classied into six
different types of glycerophospholipids according to the
different substituents. As a component of bile and membrane
surfactants, this participates in the formation of biolms, and
participates in the transmission and recognition of proteins by
cell membranes.34,35 Abnormal lipid metabolism refers to the
absorption, utilization and metabolic disorders of lipids in
children's bodies. An abnormal disorder of the lyso-PC is an
effective indicator of acute and chronic inammation and
obesity in the body.36 Citric acid and isocitric acid are involved
in the tricarboxylic acid cycle, and the metabolite content of
these metabolites in the model group is reduced, indicating the
presence of a tricarboxylic acid cycle disorder in the anorexia
nervosa rats. Tricarboxylic acid is one of the main ways that
organisms obtain energy. A decrease in these metabolites leads
to energy acquisition disorders in the model rats and subse-
quent weight loss. The tricarboxylic acid cycle occurs in the
mitochondria, which are a major site of intracellular oxidative
phosphorylation and synthesis of adenosine triphosphate
(ATP), which provides the necessary energy for cellular activi-
ties.37 Mitochondrial dysfunction can lead to neurodegenerative
Fig. 9 The metabolite–metabolite interaction network involved in D-glu
idonic acid, uric acid, isocitric acid, L-lactic acid and D-tryptophan highli

This journal is © The Royal Society of Chemistry 2020
diseases, and mitochondrial respiratory abnormalities and
localization can also cause neurodegenerative diseases. Pal-
mitic acid and arachidonic acid play a vital role in fatty acid
metabolism, the levels of palmitic acid and arachidonic acid in
the model group were increased compared with the control
group, indicating that the model rats have fatty acid metabo-
lism disorders. Fatty acid is one of the main energy sources of
the body, and it can release a lot of energy when there is suffi-
cient oxygen supply. The disorder of these metabolites can
cause the anorexia nervosa body to develop energy barriers.
Some studies have revealed that the levels of glycerol and fatty
acids (such as palmitic acid, linoleic acid, oleic acid, arach-
idonic acid) were increased signicantly in obese rats and
caused by an estrogen deciency.38 It is speculated that estrogen
has an important regulatory role in lipid metabolism. The
increase in fatty acid levels may be due to a decrease in the beta
oxidation of fatty acids.

Studying the metabolic pathways and biomarkers is crucial
to elucidate the pathological mechanism39–44 and could provide
insights into the characteristics for pharmacological effects and
potential targets,45–56 and provide a better understanding of the
mechanistic actions of natural products for new drugs.57–64

Chinmedomics is a powerful platform that can be used to
discover biomarkers, metabolic mechanisms and potential
tamic acid, L-glutamine, L-arginine, L-phenylalanine, L-leucine, arach-
ghts the potential functional relationship.
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targets for drugs.65 Valyl-alanine, L-arginine, L-leucine, L-
phenylalanine, D-ornithine, D-tryptophan, D-glutamic acid are
involved in the metabolism of amino acids, which present level
changes to different degrees in the model group, indicating that
the model rats have an amino acid metabolism disorder. Amino
acid metabolites are involved in the process of protein metab-
olism in the body. Glutamic acid itself can be used as a drug in
the metabolism of proteins and sugars in the brain, and
promotes the oxidation process. Glutamate is an important
component of glucose metabolism and amino acid transport
and utilization, candidate genes can be selected from brain-
derived neurotrophic factors, nutritional neurotrophic factors
and tyrosine kinase receptor signals.66 A study was previously
published that suggested that glial cell-derived neurotrophic
factor (GDNF), ciliary neurotrophic factor (CNTF), and insulin-
like growth factor 1 (IGF-1) promote cell survival and protect
motor neurons in the body. Mutation of the tyrosine kinase
signal sequence (r7w-tyro3) enhances the phenotype of ANX,
indicating that normal Tyro3 protection can maintain an
appetite-regulating circuit and reduce anorexia nervosa.67,68

Other psychiatric and neurodegenerative diseases are feasible
through systematic analysis of eating disorders and platelet
function. Glutamic acid can combine with ammonia to form
non-toxic glutamine in the body, which can reduce blood
Fig. 10 IPA prediction networks related to the anorexia nervosa pathome
small molecule biochemistry, cell signaling, molecular transport, nucleic
disorder in the model rats, which mainly refers to 1-carboxyglutamic a
acid, 3-hydroxybutyric acid, hexadecanamide, C18 dihydroceramide, d1
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ammonia, alleviate liver coma and improve mental develop-
ment in children.69 The levels of glutamic acid and glutamine in
the model group were lower than those in the control group,
indicating that glutamate metabolism in the rats with anorexia
nervosa results in inammatory disorders. The arginine present
in the body is mainly derived from three pathways: food
proteins, endogenous synthesis and protein turnover. For
mammals, the synthesis of endogenous arginine is mainly
accomplished by the small intestinal–kidney metabolic axis,
which is converted from citrulline to rened ammonia by the
action of cytosolic arginine succinate synthase and arginine
succinate lyase.70,71 Under the action of arginase, arginine is
decomposed into ornithine and urea. Ornithine is a precursor
of the synthetic polyamines, and polyamines are important for
regulating cell growth and development.72 The reduced levels of
arginine and ornithine in the model group can be used to
explain the slow growth and low immunity of anorexia nervosa
patients caused by arginine metabolism disorders. Our current
study has several limitations: we need to apply key enzymes to
perform gene knock-in and knock-down for biological verica-
tion; and in addition, the 26 metabolites were not validated
from populations of other races and the positive results from
the animal models suggested possible generalization in
a different population.
chanism in this study, including cellular compromise, lipid metabolism,
acid metabolism, cell morphology, cellular function and maintenance
cid, 1-heptadecanoyl-2-hydroxy-sn-glycero-3-phosphocholine, citric
8:1/22:1 sphingomyelin and isocitric acid activity.

This journal is © The Royal Society of Chemistry 2020
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5. Conclusion

In this study, a serum metabolomics strategy based on UPLC-
MS detection has been performed for revealing biomarkers
and pathway disorder for anorexia nervosa in children. A total of
26 metabolites and relevant pathways were discovered to
distinguish the characterized information between the diseased
and healthy status. Among them, large amounts of amino acid
and sphingolipid metabolism were found to have metabolic
abnormalities and they were widely investigated and found to
be closely related to anorexia nervosa, especially arginine
metabolism. These metabolites and pathways could offer
a more promising way to probe the mechanism of anorexia
nervosa in children, and provide successful treatments. This
study also supports the need for novel diagnostic approaches
and drug development.
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