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Abstract
Available data indicate that patients with depression and anxiety disorders are likely to be at greater risk for suicide.
Therefore, it is important to correctly diagnose patients with depression and anxiety disorders. However, there are still
no empirical laboratory methods to objectively diagnose these patients. In this study, the multiple metabolomics
platforms were used to profile the urine samples from 32 healthy controls and 32 patients with depression and anxiety
disorders for identifying differential metabolites and potential biomarkers. Then, 16 healthy controls and 16 patients
with depression and anxiety disorders were used to independently validate the diagnostic performance of the
identified biomarkers. Finally, a panel consisting of four biomarkers—N-methylnicotinamide, aminomalonic acid,
azelaic acid and hippuric acid—was identified. This panel was capable of distinguishing patients with depression and
anxiety disorders from healthy controls with an area under the receiver operating characteristic curve of 0.977 in the
training set and 0.934 in the testing set. Meanwhile, we found that these identified differential metabolites were
mainly involved in three metabolic pathways and five molecular and cellular functions. Our results could lay the
groundwork for future developing a urine-based diagnostic method for patients with depression and anxiety
disorders.

Introduction
Depression and anxiety disorders are two major health

concerns with similar core components while maintaining
different meanings in various aspects1. Partly due to the
overlap of symptoms in these two disorders, the presence
of depression symptoms may serve to mask the presence
of anxiety symptoms and vice versa. Previous studies
reported that anxiety symptoms frequently coexist with
depression symptoms2,3. Patients with depression and
anxiety disorders have higher severity of illness, higher
health care utilization, greater impairment in psychosocial
functioning and lower quality of life than patients not

suffering from comorbidity4–6. Moreover, available data
indicate that patients with depression and anxiety dis-
orders are likely to be at greater risk for suicide7,8. In
addition, the presence of comorbidity could increase the
chronicity of each disorder, slow the recovery and
increase the likelihood of its recurrence9,10. These events
often cause the patients to be treated for a longer time.
Meanwhile, the unrecognized anxiety or depressive
comorbidity has been shown to be related with an
increased rate of psychiatric hospitalization11. Therefore,
it is important to screen for comorbidity, which could
help clinicians to make an effective treatment plan for
patients. However, there are still no empirical laboratory
methods to diagnose patients with depression and anxiety
disorders. Currently, the diagnosis is made mainly
according to the subjective identification of symptom
clusters. However, this method could not be able to
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adequately characterize the heterogeneity, which una-
voidably results in a considerable error rate12,13. An
approach to deal with this limitation is to identify disease-
specific biomarkers to support objective diagnostic
laboratory tests.
Metabolomics has been widely used to identify the

metabolic alterations in various disease states14,15. Cur-
rently, many analytical techniques have been developed
for non-targeted metabolomic mappings, such as gas
chromatography-mass spectroscopy (GC-MS) and
nuclear magnetic resonance (NMR) spectroscopy. These
analytical techniques have their own advocates and
unique features. However, no single metabolomics plat-
form could provide adequate coverage of the entire
human metabolome in biosamples16. Previous studies
have shown that the multiple metabolomics platforms
could largely enhance the level of metabolome cover-
age17,18. Meanwhile, our previous study found that the
combined application of NMR and GC-MS could yield a
superior biomarker panel for bipolar disorder (BD) than
applying each platform in isolation19.
Currently, many researchers have used metabolomics to

successfully identify potential diagnostic biomarkers for
neuropsychiatric disorders, such as BD, schizophrenia and
autism19–21. Our group has identified several potential
metabolite biomarkers for diagnosing major depressive
disorder (MDD)22,23. However, few studies focus on the
metabolic alterations in patients with depression and
anxiety disorders. Therefore, in this study, we used the
multiple metabolomics platforms (NMR and GC-MS) to
study the metabolic changes in urine of patients with
depression and anxiety disorders. Firstly, 32 patients and
32 age-, sex- and body mass index (BMI)-matched healthy
controls (HCs) were used to identify the differential
metabolites and potential biomarker panel. Secondly, 16
patients and 16 age-, sex- and BMI-matched HCs were
further used to independently validate the diagnostic
performance of the identified panel.

Materials and methods
Subject recruitment
The protocol of our study was reviewed and approved

by the Ethical Committee of Chongqing Medical Uni-
versity. Patients were screened for depression and anxiety
disorders in the baseline interview by two experienced
psychiatrists using the DSM-IV (Diagnostic and Statistical
Manual of Mental Disorders, 4th Edition)-based Com-
posite International Diagnostic Interview (CIDI, version
2.1), which was a highly valid and reliable instrument for
assessing depression and anxiety disorders24. The
Hamilton Depression Rating Scale (HDRS) and Hamilton
Anxiety Rating Scale (HAMA) were used to quantify the
severity of depression and anxiety disorders, respec-
tively25,26. The patients with HDRS scores of greater than

17 and HAMA scores of greater than 7 were recruited.
Totally, 48 outpatients with depression and anxiety dis-
orders were recruited from the psychiatric center of the
First Affiliated Hospital of Chongqing Medical University.
There were 40 patients with drug-naive first episode and 8
medicated patients with previous episodes. There were 39
patients with generalized anxiety disorder and 9 patients
with panic disorder. During the interview, patients who
met any one of the following criteria were excluded: (i)
any pre-existing physical or other mental disorders (n=
87); (ii) pregnant or postpartum (within 1 year) women (n
= 27); and (iii) illicit drug use (n= 31). During the same
time period, the 48 age-, sex- and BMI-matched HCs were
recruited from the Medical Examination Center. These
HCs must have no DSM-IV Axis I/II disorders, previous
lifetime history of neurological or psychiatric diseases or
systemic medical illness. The number of patients seen by
each experienced psychiatrist was almost the same. All
participants provided the written informed consents
before we collected the urine samples. The demographic
and clinical details of the recruited subjects are described
in Table 1.

Two experimental sets
The included patients and HCs were divided into the

training set and testing set in a 2:1 ratio. Finally, there
were 32 patients and 32 HCs in the training set, and 16
patients and 16 HCs in the testing set. The training set
was used to identify the differential metabolites and
potential biomarker panel. It is critical to use the inde-
pendent samples to further validate the diagnostic per-
formance of the identified potential biomarker panel.
Therefore, the testing set was used to independently
validate its diagnostic performance. After overnight fast-
ing, the morning midstream urine samples (9:00–10:00
am) of these subjects were collected and centrifuged at

Table 1 Demographic and clinical details of recruited
subjects

Variables Patients HCs P valuea

Sample size 48 48 –

Medication (yes/no) 8/40 0/48 p<0.00001

Sex (male/female) 25/23 18/30 0.15

Age (year)b 31.83 (9.90) 31.96 (9.85) 0.95

BMIb 21.78 (2.45) 21.93 (2.53) 0.76

HDRSb 23.02 (4.25) 0.21 (0.65) p<0.00001

HAMAb 16.71 (2.23) 0.71 (0.82) p<0.00001

HCs healthy controls, BMI body mass index, HDRS Hamilton Depression Rating
Scale, HAMA Hamilton Anxiety Rating Scale
aTwo-tailed Student's test for continuous variables (age, BMI, HDRS and HAMA
Scores); Chi-square analyses for categorical variables (medication and sex)
bValues expressed as the mean ± SD
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1500 × g for 10 min. The obtained supernatant was divi-
ded equally and stored at −80 °C for later analysis. The
procedures for NMR preparation and urine resonance
assignments were performed according to our previous
study22 and NMR databases27, respectively. The proce-
dures for GC-MS preparation and GC-MS analysis were
performed according to our previous studies23,28. The
detailed information of GC-MS and NMR is described in
the supplementary file 1.

Statistical analysis
Firstly, in order to alleviate the effects of different

samples, the original spectral data of metabolites were
normalized to creatinine. Then, in order to eliminate the
effects of different orders of magnitude, the data were
further scaled to zero-mean and unit-variance. Finally, the
obtained data were imported into SIMCAP+ 14.0 soft-
ware for further analysis. The orthogonal partial least-
squares discriminant analysis (OPLS-DA) was used to
visualize the discrimination between HCs and patients
with depression and anxiety disorders. The R2X, R2Y and
Q2Y obtained from the default leave-one-out procedure
were used to assess the quality of OPLS-DA model. The
former two parameters and the last parameter were used
to quantify the goodness of fit and assess the predictability
of the model, respectively29. Meanwhile, a 300-iteration
permutation test was conducted to find out whether there
was non-randomness of separation between different
groups. If the original Q2Y and R2Y values were higher
than their corresponding values from the permutation
test, then the built OPLS-DA model was considered to be
valid.
In order to identify the differential metabolites

responsible for samples separation, the coefficient loading
plot of the built OPLS-DA model was analyzed30. Based
on the number of samples in the training set, a correlation
coefficient of |r| > 0.449 (equivalent to a p value < 0.01)
was adopted as a cut-off value. Then, we used Pearson's
correlation coefficient to assess the correlations between
the identified differential metabolites, and used hier-
archical clustering algorithm to show it. Meanwhile, to
analyze the biological functions of these differential
metabolites, we used the online software MetaboAnalyst
3.0 to conduct pathway analysis and Ingenuity Pathway
Analysis (IPA) 9.0 to conduct core analysis. Also, we used
the non-parametric Mann–Whitney U-test to detect
whether or not these identified differential metabolites
were still significantly changed between the two groups.
In addition, it should be more convenient and feasible to

make a diagnosis in clinical practice by using a small
number of metabolites. Therefore, these identified dif-
ferential metabolites were further analyzed using a step-
wise logistic-regression analysis based on the Akaike’s
information criterion rule. The purpose of this analysis

was to obtain a simplified metabolite biomarker panel31.
To assess the diagnostic performance of this simplified
panel, the receiver operating characteristic (ROC) curve
analysis was conducted to quantify its ability in dis-
criminating patients with depression and anxiety dis-
orders from HCs in both training and testing sets.

Results
OPLS-DA model built
The samples in the training set were used to build the

OPLS-DA model, which was used to explore the meta-
bolic differences between HCs and patients with depres-
sion and anxiety disorders. The score plots of OPLS-DA
model showed that the two groups were obviously sepa-
rated with little overlap (R2Y= 61%, Q2Y= 45%; Fig. 1a).
The positive values of these two parameters describing the
model demonstrated a robust metabolic difference
between the two groups. Furthermore, the permutation
test also showed that the model was valid and not over-
fitted as the original Q2 and R2 values were higher than
their corresponding permutated values (for corresponding
figure, see supplementary file 1). Meanwhile, the samples
in the testing set were independently used to validate the
diagnostic performance of this model. The T-predicted
scatter plot showed that all patients with depression and
anxiety disorders and 13 of the 16 HCs were correctly
predicted by the model (Fig. 1b). These results indicated
that this OPLS-DA model built by urinary metabolites
held the promise to become an objective diagnostic tool
for patients with depression and anxiety disorders.

Differential metabolite identification
By analyzing the loading coefficient plots from the

OPLS-DA model, we identified 20 differential metabolites
(|r| > 0.449) responsible for the discrimination between
HCs and patients with depression and anxiety disorders
(Table 2). As compared to HCs, the patients with
depression and anxiety disorders were characterized by
higher levels of azelaic acid, aminomalonic acid, (S)-3-
hydroxyisobutyric acid, fructose, sorbitol, L-lactic acid,
glycine, L-alanine, citric acid, adipic acid, L-threonine, (S)-
3,4-dihydroxybutyric acid, α-aminobutyric acid, and
ribose, along with lower levels of acetone, methylmalonic
acid, pseudouridine, indican, hippuric acid and N-
methylnicotinamide (Fig. 2). Some of these metabolites
have the relatively moderate correlations between each
other (Fig. 3). The non-parametric Mann–Whitney U-test
was then performed to validate the metabolic changes
identified by the OPLS-DA model; the majority of these
urinary metabolite levels remained significantly changed.

Potential biomarker panel identification
The logistic-regression analysis was further used to

obtain a simplified biomarker panel from these differential
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metabolites identified by the OPLS-DA model. The
results showed that the most significant deviations
between the two groups could be described by the fol-
lowing four urinary metabolites: N-methylnicotinamide,
aminomalonic acid, azelaic acid and hippuric acid. The
panel consisting of these four metabolites could yield an
average accuracy of 92.2% in the training set and a pre-
dictive accuracy of 90.0% in the testing set. The dis-
criminative model was: P(Y= 1)= 1/(1+ e−y); y=
−114.277 ×N-methylnicotinamide+ 8.515 × aminoma-
lonic acid+ 7.106 × azelaic acid−0.075 × hippuric acid+
1.844. This model could calculate the probability of illness
in each sample.

Diagnostic performance assessment
The ROC curve analysis was further conducted to assess

the diagnostic performance of this simplified panel (Fig.
4). In the training set, the results showed that the sim-
plified panel was capable of distinguishing 32 patients
with depression and anxiety disorders from 32 HCs with
an area under the curve (AUC) of 0.977 (95% confidence
interval (CI): 0.948–0.1). The sensitivity and specificity
were 87.5% and 96.9%, respectively. Subsequently, this
simplified panel was used to classify the blinded samples
from the testing set. The ROC analysis yielded an AUC of
0.934 (95% CI: 0.844–0.1). The sensitivity and specificity
were 100% and 81.2%, respectively. Meanwhile, these
identified biomarkers had no sex specificity (for detailed
information, see supplementary file 1). These results

demonstrated the efficacy of this simplified panel in
diagnosing patients with depression and anxiety disorders.

Effects of medication on metabolites
There were eight medicated patients with depression

and anxiety disorders. To determinate the homogeneity of
metabolic phenotypes between the medicated and non-
medicated patients, we first built the OPLS-DA model
using the non-medicated patients and HCs (supplemen-
tary file 1). Then, the constructed OPLS-DA model was
used to predict class membership of the medicated
patients. The results showed that 7 of the 8 medicated
patients were correctly predicted by the OPLS-DA model.
These findings indicated that the metabolic phenotypes
were significantly different between the non-medication
patients and HCs, but not between the non-medicated
and medication patients. Meanwhile, the panel of these
four biomarkers could effectively discriminate medicated
patients from HCs with an average accuracy of 96.4%.
These results indicated that the medication might have
little impact on metabolites in urine. Limited by the small
sample size of medicated patients, this conclusion needs
future studies to validate.

Biological functions involved
The differential metabolites were imported into Meta-

boAnalyst 3.0 to conduct pathway analysis. We found that
these 20 differential metabolites were mainly involved in
three metabolic pathways (p value < 0.05, impact > 0):

Fig. 1 Metabolomic analysis of urine samples from the recruited subjects. a OPLS-DA model shows an obvious discrimination between patients
with depression and anxiety disorders (blue diamond) and HCs (green box) in the training set. b T-predicted scatter plot shows that all patients with
depression and anxiety disorders (red triangle) and 13 of the 16 HCs (purple triangle) in the testing set were correctly predicted
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propanoate metabolism (p= 0.001, impact= 0.015)
(methylmalonic acid, L-lactic acid, acetone); valine, leu-
cine and isoleucine degradation (p= 0.024, impact=

0.019) (methylmalonic acid, (S)-3-hydroxyisobutyric acid);
and glycine, serine and threonine metabolism (p= 0.034,
impact= 0.284) (glycine, L-threonine) (Fig. 5a). Further

Table 2 Differential metabolites responsible for the discrimination of two groups

Metabolite P valuea Rb FCc Metabolic pathway

N-methylnicotinamide 5.32E−06 −0.693 −1.93337 Tryptophan–nicotinic acid metabolism

Acetone 0.008495 −0.501 −0.61032 Propanoate metabolism

(S)−3,4-dihydroxybutyric acid 0.002106 0.714 0.27378 Not found

(S)−3-hydroxyisobutyric acid 0.265085 0.523 0.841019 Valine, leucine and isoleucine degradation

Adipic acid 0.737113 0.46 0.347352 Degradation of aromatic compounds

L-alanine 0.096207 0.535 0.411909 Alanine metabolism

Aminomalonic acid 0.001461 0.77 1.070629 Not found

Azelaic acid 3.86E−05 0.662 1.841785 Lipid metabolism

Citric acid 0.088148 0.527 0.367736 Citrate cycle (TCA cycle)

Fructose 0.006761 0.525 0.66192 Starch and sucrose metabolism

Glycine 0.001052 0.654 0.561433 Glycine, serine and threonine metabolism

Hippuric acid 0.001068 −0.858 −1.02191 Tyrosine–phenylalanine pathway

Indican 5.62E−05 −0.8 −0.92295 Not found

L-lactic acid 0.001359 0.487 0.632744 Propanoate metabolism

Methylmalonic acid 0.007244 −0.671 −0.63621 Propanoate metabolism

Pseudouridine 9.33E−05 −0.477 −0.64546 Pyrimidine metabolism

Ribose 0.347268 0.612 0.214255 Pentose phosphate pathway

Sorbitol 0.113869 0.449 0.651624 Galactose metabolism

L-threonine 0.012509 0.505 0.330823 Glycine, serine and threonine metabolism

α-Aminobutyric acid 0.036643 0.486 0.217817 Cysteine and methionine metabolism

aP values were derived from non-parametric Mann–Whitney U-test
bCorrelation coefficient was obtained from OPLS-DA with a threshold of 0.449, positive and negative values indicate higher and lower levels in patients with
depression and anxiety disorders, respectively
cFC (fold change) positive and negative values indicate higher and lower levels in patients with depression and anxiety disorders, respectively

Fig. 2 Heatmap of the identified differential metabolites. Green and red indicate the significantly lower and higher levels in patients with
depression and anxiety disorders relative to HCs, respectively
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analysis showed the possible increased activity of alanine-
glyoxylate transaminase and 3-hydroxyisobutyrate dehy-
drogenase and decreased activity of aldehyde oxidase in
patients with depression and anxiety disorders. Mean-
while, after importing these differential metabolites into
IPA 9.0 to conduct core analysis, we found that these
identified differential metabolites were significantly
involved in the following top five molecular and cellular
functions: cell cycle (Fig. 5b), amino acid metabolism (Fig.
5c), molecular transport (Fig. 5d), cellular growth and
proliferation (Fig. 5e) and small molecule biochemistry
(Fig. 5f).

Discussion
In this study, the multiple metabolomics platforms were

performed to explore the metabolic changes in patients
with depression and anxiety disorders. Finally, the 20
differential metabolites were found, and a potential bio-
marker panel consisting of 4 urinary metabolite bio-
markers (N-methylnicotinamide, aminomalonic acid,
azelaic acid and hippuric acid) was identified. This panel
could discriminate the patients with depression and
anxiety disorders from HCs with AUCs of 0.977 and 0.934
in the training and testing set, respectively. These results
demonstrated that this urinary biomarker panel might be

a “good” classifier of HCs and patients with depression
and anxiety disorders, and these differential metabolites
could be helpful for future development of objective
diagnostic methods.
Previous studies showed the consistently high comor-

bidity rates (ranged from 40% to 80%) for depression and
anxiety disorders32,33. Comorbid disorders, especially
comorbidity between depression and anxiety disorders,
were more severe, carry more disability and had a greater
persistence and duration than any single disorder alone34.
This evidence indicated that the comorbidity might be a
consistent predictor of chronicity. Due to the large impact
of comorbidity on course and prognosis, the correct
diagnosis of depression and anxiety disorders was very
important as the first step in its prevention. If undiag-
nosed or unrecognized, the depression and anxiety dis-
orders would contribute to high medical utilization in the
primary care setting35. Dimatteo et al.36 reported that the
unrecognized depression or anxiety disorder comorbidity
could lead to a threefold increased likelihood of non-
adherence to treatment. Some studies reported that
patients with depression and anxiety disorders were less
educated, had higher neuroticism scores and more often
had a childhood trauma compared to patients with pure
disorders37,38. However, the effects of these vulnerability
and socio-demographic factors have not been often stu-
died in concert with clinical characteristics. Here, we
provide a potential novel method to objectively diagnose
patients with depression and anxiety disorders.
Urine is a sterile and transparent fluid generated by

kidneys. It contains high concentrations of urea, inorganic
salts, ammonia, various water-soluble toxins, creatinine
and urobilin. While the urine is largely viewed as a water
product, it has a very high value as a diagnostic biofluid. In
fact, urine is the first biofluid for clinically diagnosing
alkaptonuria39. Nowadays, many researchers used meta-
bolomics to study the urinary metabolites for identifying
disease biomarkers. At present, up to 294 different human
urinary metabolites could be possibly identified17. How-
ever, there is still no single platform that could quantify
the entire human metabolome. Then, the identified dis-
ease biomarkers by single platform have unavoidable
limitations. Therefore, to circumvent these limitations,
more and more researchers used the combination of two
or more platforms to help improve the metabolite cov-
erage40–42. Here, the panel identified by the combined
application of two platforms yielded very high AUC values
in both training and testing sets, highlighting the diag-
nostic robustness of the identified biomarkers.
Notably, the significantly changed (S)−3-hydro-

xyisobutyric acid, adipic acid, L-alanine, citric acid, ribose
and sorbitol levels were not found by the univariate
analysis. However, the multivariate analysis still viewed
them as differential metabolites responsible for the

Fig. 3 Pearson's correlation coefficient and hierarchical clustering
of the identified differential metabolites

Fig. 4 Diagnostic performance of the simplified biomarker panel
evaluated by ROC curve analysis
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discrimination between HCs and patients with depression
and anxiety disorders. Our previous study also found
similar results, and even some non-significantly changed
metabolites in univariate analysis were identified as
potential biomarkers by the multivariate analysis22. This
phenomenon could be explained by the highest predictive
power of the discrimination model after the addition of
these metabolites. These results fully showed the advan-
tage of the multivariate analysis over the univariate ana-
lysis in finding the potential significance of subtle
metabolic differences between different groups43.
Alanine-glyoxylate transaminase belonged to the family

of transferases, and mainly participated in the glycine,
serine and threonine metabolism and alanine and aspar-
tate metabolism. Our study found the significantly
increased levels of glycine, L-threonine and L-alanine,
which might suggest the increased activity of this meta-
bolic enzyme in patients. As the substrate of 3-
hydroxyisobutyrate dehydrogenase, the significantly
increased level of (S)-3-hydroxyisobutyric acid might
indicate the increased activity of 3-hydroxyisobutyrate
dehydrogenase. As the product of 3-hydroxyisobutyrate
dehydrogenase, the level of methylmalonic acid semi-
aldehyde might be increased due to the increased activity

of 3-hydroxyisobutyrate dehydrogenase and its sig-
nificantly increased substrate. Meanwhile, the methyl-
malonic acid semialdehyde was also the substrate of
aldehyde oxidase. Considering the increased level of
methylmalonic acid semialdehyde and significantly
decreased level of methylmalonic acid (a product of
aldehyde oxidase), there might exist decreased activity of
aldehyde oxidase in patients with depression and anxiety
disorders.
Zarate et al.44 reported that the glutamate propionic

acid receptor in the propanoate metabolism pathway was
a potential target for novel therapeutics for BD. Our
previous study found that the propanoate metabolism
pathway was significantly affected in BD patients19. Here,
the results indicated that this pathway might also be sig-
nificantly affected in patients with depression and anxiety
disorders. Azelaic acid was a metabolite of phenylalanine
long-chain fatty acids. Our previous study found that the
gut microbiota had a role in lipid metabolism in the
hippocampus of mice45, and the disturbed gut microbiota
might have a causal role in the development of depres-
sion46,47. In this study, we found the significantly
increased level of azelaic acid in patients with depression
and anxiety disorders. Moreover, hippuric acid (also a

Fig. 5 Pathways and biological functions of these differential metabolites mainly involved a The three affected metabolic pathways; b cell
cycle; c amino acid metabolism; d molecular transport; e cellular growth and proliferation; and f small molecule biochemistry
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metabolite of phenylalanine) and indican could be pro-
duced by bacterial metabolism in the intestinal tract.
Then, these findings might highlight the potential invol-
vement of gut microbiota variation in the development of
depression and anxiety disorders. Meanwhile, we found
that the synthesis of melanin, also a metabolite of phe-
nylalanine, was inhibited by the significantly increased
azelaic acid. A systematic review reported that the mela-
tonin was effective for reducing preoperative anxiety
symptoms and might also reduce postoperative anxiety
symptoms in adults when given as premedication48.
Therefore, the inhibition of the synthesis of melanin
might be the self-protection mechanism of patients with
depression and anxiety disorders.
N-methylnicotinamide was an end-product of nicoti-

namide metabolism, and the nicotinamide was involved in
the tryptophan–nicotinic acid pathway49. Then, the sig-
nificantly changed N-methylnicotinamide level observed
here suggested a disturbance of tryptophan–nicotinic acid
pathway activity in patients with depression and anxiety
disorders. Meanwhile, the tryptophan was the biochem-
ical precursor of both nicotinic acid and serotonin21.
Therefore, the changed levels of downstream metabolites
in nicotinic acid metabolism might indicate the dis-
turbance of serotonin biosynthesis in patients with
depression and anxiety disorders. This speculation could
be supported by the previous findings that the altered
serotonergic neurotransmission could contribute to the
pathoetiology of depression and anxiety disorders50,51.
Aminomalonic acid has important biological implica-

tions, because its presence could moiety potentially
impact calcium binding properties to protein52. Our
previous study found that venlafaxine, an antidepressant
of the selective serotonin-norepinephrine reuptake inhi-
bitor class, could significantly decrease the level of ami-
nomalonic acid in rat hippocampus53. Here, we found that
its level was significantly increased in patients with
depression and anxiety disorders. Meanwhile, the pre-
vious study found that the L-asparagine was a protective
factor for mild depression54, and Milman et al.55 reported
that aminomalonic acid was a strong inhibitor of L-
asparagine synthetase. Therefore, these results might
indicate that the aminomalonic acid might be a risk factor
for depression and anxiety disorders.
Our two previous metabolomics studies were conducted

to identify the potential biomarker panels for diagnosing
MDD22,23. These two studies only focused on the MDD,
and did not take anxiety disorder into consideration. The
accuracies of NMR-based panel (5 metabolites)22 and GC-
MS-based panel (6 metabolites)23 to diagnose the whole
sample in this study were only 77.1% and 79.1%, respec-
tively. These accuracies were much lower than that of the
panel identified in this study to diagnose the whole sample
(91.1%). Compared to the two previous panels, the panel

in this study needed fewer metabolites but could yield a
higher accuracy. Among the identified 20 differential
metabolites, there were 8 metabolites (acetone, (S)-3,4-
dihydroxybutyric acid, (S)-3-hydroxyisobutyric acid, adi-
pic acid, aminomalonic acid, L-lactic acid, L-threonine and
α-aminobutyric acid) that were firstly identified in
patients with depression and anxiety disorders. These
results indicated that there were divergent urinary meta-
bolic phenotypes between patients with depression alone
and patients with depression and anxiety disorders; then,
a specific biomarker panel for patients with depression
and anxiety disorders was still needed.
Among the four biomarkers identified here, the sig-

nificantly decreased N-methylnicotinamide and hippuric
acid levels, and increased azelaic acid level, were also
found in patients with depression alone;22,23 the decreased
N-methylnicotinamide level and increased azelaic acid
level were also found in patients with BD alone19.
Meanwhile, Lin et al.56 reported that the levels of N-
methylnicotinamide and hippuric acid were also sig-
nificantly changed in patients with postpartum depres-
sion. Hou et al.57 also found the significantly altered N-
methylnicotinamide and hippuric acid levels in hepatitis B
patients with depression. In addition, the level of amino-
malonic acid was found to be significantly altered in a
chronic unpredictable mild stress rat model of depres-
sion58. These results indicated that our four identified
biomarkers were closely related with neuropsychiatric
disorders. After validation and support by future large-
scale studies, the panel of these four identified biomarkers
might be used in clinical settings. Then, the clinicians
could use this panel to correctly diagnose patients with
depression and anxiety disorders which was helpful for
reducing the financial burden on patients.
There are several limitations in the current study.

Firstly, the number of recruited subjects was relatively
small; however, the high values of AUC in both training
and testing sets demonstrated that the identified bio-
markers had good representativeness. Secondly, all
patients with depression and anxiety disorders were from
the same site and might have similar dietary habits, which
might limit the general applicability of our conclusion.
Thirdly, only the urine was used here, and future studies
should further explore the other peripheral compartments
to ensure the identified biomarkers being physiologically
relevant to disease pathogenesis. Fourthly, although we
found that the medicated and non-medicated patients had
similar metabolic phenotypes, future studies with large
samples were still needed to assess the effects of medi-
cation on urinary metabolites. Fifthly, we did not recruit
patients with anxiety disorder who are lacking depressive
symptoms, and thus the levels of these four biomarkers in
these patients were unclear. Sixthly, we did not take the
phases of menstrual cycle into account in female subjects
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which might have some effects on the metabolite abun-
dance. Finally, the exclusion criteria for subjects did not
include the history of neuropsychiatric disorders in their
first-degree relatives. After excluding these subjects (two
HCs and seven patients) to do re-analysis, we obtained the
same biomarkers. However, future studies should take
this point into consideration when identifying the
potential biomarkers.
In conclusion, employing the multiple metabolomics

platforms, a potential urinary biomarker panel for patients
with depression and anxiety disorders was identified. This
panel consisting of four metabolites—N-methylnicotina-
mide, aminomalonic acid, azelaic acid and hippuric acid—
was capable of accurately distinguishing patients with
depression and anxiety disorders from HCs in both
training and testing sets. Our results could lay the
groundwork for future developing a urine-based diag-
nostic method for patients with depression and anxiety
disorders.
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