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Abstract 

Autism spectrum disorders (ASD) are neurodevelopmental diseases with complex genetic and 

environmental etiological factors. Although genetic causes play a significant part in the 

etiology of ASD, metabolic disturbances may also play a causal role or modulate the clinical 

features of ASD. The number of ASD studies involving metabolomics is increasing, and 

sometime with conflicting findings. We assessed the metabolomics profiling of urine samples 

to determine a comprehensive biochemical signature of ASD. Furthermore, to date no study 

has combined metabolic profiles obtained from different analytical techniques to distinguish 

patient with ASD from healthy individuals. We obtained 
1
H-NMR spectra and 2D 

1
H-

13
C 

HSQC NMR spectra from urine samples of patients with ASD or healthy controls. We 

analyzed these spectra by multivariate statistical data analysis. The OPLS-DA model obtained 

from 
1
H NMR spectra showed a good discrimination between ASD samples and non-ASD 

samples (R
2
Y(cum)=0.70 and Q

2
=0.51). Combining the 

1
H NMR spectra and the 2D 

1
H-

13
C 

HSQC NMR spectra increased the overall quality and predictive value of the OPLS-DA 

model (R
2
Y(cum)=0.84 and Q

2
=0.71), leading to a better sensitivity and specificity. Urinary 

excretion of succinate, glutamate and 3-methyl-histidine differed significantly between ASD 

and non-ASD samples. Urinary screening of children with neurodevelopmental disorders by 

combining NMR spectroscopies (1D and 2D) in multivariate analysis is a better sensitive and 

a straightforward method that could help the diagnosis ASD. 
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Introduction 

Autistic spectrum disorder (ASD) refers to a group of complex neurodevelopmental disorders 

present from early childhood and that persist lifelong. The estimated prevalence worldwide is 

1 in 150 children. There are five diagnostic subtypes including autism, pervasive developmen-

tal disorders-not otherwise specified (PDD-NOS), child disintegrative disorder, Rett syn-

drome, and Asperger syndrome.
1, 2

 No diagnostic test is available (except for Rett syndrome), 

therefore diagnosis is based on a triad of criteria defined by the Diagnostic and Statistical 

Manual of Mental Disorders.
3
 These criteria involve behavioral aspects that typically manifest 

before three years of age, including deficits in communication, impaired social interactions, 

and repetitive or restricted interests and behaviors. 

 

The causes of ASD remain largely unclear, despite a considerable amount of research in the 

clinical, electrophysiological, and genetic aspects of ASD in recent years, ASD is a 

multifactorial disease that is associated with predisposing genetics factors and environmental 

influences. ASD is a multisystem disorder. Indeed, genetic, nutritional or environmental 

factors may affect a variety of cell types and would be expected to have consequences on 

multiple bodily systems. Chronic metabolic imbalances associated with complex diseases 

such as ASD may leave a metabolic fingerprint that can be followed analytically; thus, such 

analyses may provide new insights into the pathophysiology and pathogenesis of ASD
4
 and 

may help diagnosis. 

Metabolomics is the study of the metabolome.
5
 The metabolome consists of a repertoire of 

low-molecular weight compounds that are intermediates or endpoints of metabolism and are 

present in biological fluids, cells, or tissues.
6
 The metabolites are the final product of 

interactions between the regulation of gene expression, protein abundance, and the cellular 

environment. Therefore metabolites may serve as reporters of intermediary or disease 

phenotypes.
7
 This promising approach may help to define new candidate biomarkers and 

physiological pathways involved in disease pathology. Recently, the analysis of biological 

fluids to identify biomarkers has become an area of active investigation. This approach has 

been widely used to characterize metabolic signatures of several neurological disorders 

including depression,
8
 motor neuron disease,

9
 neurodegenerative disease,

10
 addiction to 

drugs
11

 and schizophrenia.
12, 13 

An integrative analysis of the metabolome from biological 

fluids may reveal biological disruptions common to ASD patients. This would allow the 

defining of a metabolic profile (metabotype) made up of composite biomarkers of ASD.
14

 For 
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ethical and methodological reasons, urine samples are suitable for the analysis of metabolic 

perturbations, and have already been used for investigations of metabolic abnormalities in 

ASD.
15, 16

 

The number of publications involving metabolomics and biomarkers is increasing.
17

 Studies 

have investigated metabolic profiles in numerous biologicals fluids, giving rise to many 

clinical applications.
18, 19

 The most commonly used analytical tools are chromatographic 

methods (GC-MS, LC-MS)
20

 and nuclear magnetic spectroscopy (NMR).
21

 
1
H-NMR 

spectroscopy is a rapid, robust and reliable analytical tool with high reproducibility. Lately, 

there have been many conflicting findings in studies involving metabolomics in autism 

spectrum disorders, depending on biological fluid used, mostly urine
16, 21-24

 but also plasma.
25-

27
 The large number of biological fluids and analytical techniques used means that the list of 

metabolites studies is long. From these, there may be one, or a few, that are relevant to autism. 

Yap et al. published the only metabolomics study to date involving 
1
H-NMR analysis of 

urine.
21

 They examined metabolic profiles in three groups: ASD children, their unaffected 

siblings, and unrelated controls. ASD children showed a distinct profile of gut microbial 

metabolism, amino-acid metabolism and nicotinic acid metabolism.
 
However, assignment of 

1D 
1
H-NMR spectra is challenging because of significant peak overlap and the presence of 

uncharacterized metabolites. Our contribution in the field was a study using 
1
H-

13
C 

heteronuclear single quantum coherence (HSQC) spectra to improve the assessment of the 

metabolite content of biological fluids such as urine.
28, 29

 2D 
1
H-

13
C HSQC NMR was used to 

compare urinary profiles from autistic patients and non-autistic controls. We described, 

urinary metabolic imbalance in autistic individuals similar to that reported by Yap et al.
30

 For 

the discovery of metabolomics biomarkers, it is important to identify, among the many 

potential compounds analyzed, the combination of metabolites (variables) that best 

discriminates diseased from healthy individuals. Therefore, we used multivariate analyses, 

following well established protocols now,
31

 to reduce, summarize, and transform all the data 

to a few key components that corresponded to the most discriminating biomarkers. 

In this study, we investigate whether the combination of 
1
H-NMR and 

1
H-

13
C HSQC NMR 

metabolic profiling of urine samples may facilitate the identification of biochemical signa-

tures of ASD. Using this approach, we also attempted to replicate biomarkers of ASD that 

have already been described. To our knowledge, this is the first study combining data from 

1
H-NMR and 

1 
H-

13
C HSQC spectra of urine. The use of these two NMR modalities associat-

ed with multivariate statistical data analysis was expected to increase the accuracy of the dis-
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crimination between ASD patients and controls by optimizing the model performance. We 

used a receiver operating curve (ROC) to assess the diagnosis accuracy of our combined bi-

omarkers.
17

 

 

Experimental 

Sample collection 

Urine samples were collected in vials without preservative. Samples were collected during 

medical consultation from thirty children with ASD. All children were living in France [24 

boys and six girls, median age of 8 (6-14)]. Urine samples were also obtained from 28 healthy 

individuals from Tours, France [17 boys and 11 girls median, age of 8 (6-9)]. Diagnosis of 

autism was made according to the International Classification of Diseases (ICD) Edition 10
th

 
2
 

and the DSM-IV-TR Edition 4
th

.
32

 Each individual and their family gave informed consent for 

the study. Each urine sample was centrifuged, aliquoted in 1.5 mL Eppendorf tubes and stored 

at -80°C immediately after collection until analysis. 

 

Sample preparation 

Urine samples were thawed at room temperature, and centrifuged at 3000g for 5 min. Urine 

samples were prepared by mixing 500 µL of urine supernatant, 100 µL of D2O solution 

(deuterium oxide) and 100 µL of phosphate buffer to obtain a pH = 7.4 ± 0.5. The samples 

were then transferred to 5-mm NMR tubes for 
1
H -NMR analysis. 

 

Magnetic Resonance Spectroscopy experiments 

1
H NMR experiments: 

The 
1
H NMR spectra were obtained by a Bruker DRX-500 spectrometer (Bruker SADIS, 

Wissembourg, France), operating at 11.7 T, with a Broad Band Inverse (BBI) probehead 

equipped with Z gradient coil. NMR measurements were done at 298 K. Conventional 
1
H 

NMR spectra were recorded with a 90° pulse (p1=10 µs, pl=0 dB) using a pulse-and-acquire 

sequence with residual water presaturation (single-frequency irradiation during the relaxation 

delay). 
1
H spectra were collected with 64 transients (and 8 dummy scans) in 32K data points 

with a spectral width of 7500 Hz, and a recycling time of 30 s. CPMG spin echo spectra were 

obtained with 80 ms total echo times and 32K data points. This spin echo sequence avoided 

broad short T2 resonance (provided by macromolecules). Sample shimming was performed 

automatically on the water signal. 
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Spectra were processed using XWinNMR version 3.5 software (Bruker Daltonik, Karlsruhe, 

Germany). Prior to Fourier transformation (FT), the FIDs were zero-filled to 64K data points 

which provided sufficient data points for each resonance, and a line broadening factor of 0.3 

Hz was applied. All spectra were corrected for phase distortion and baseline was manually 

corrected for each spectrum. 

The 
1
H NMR spectra were referenced to the creatinine methylene resonance at δ=4.05 ppm 

and automatically reduced to ASCII files using the AMIX software package (Analysis of 

MIXture, version 3.1.5, Bruker Biospin, Karslruhe, Germany). The regions containing the 

water (δ  4.70 – 5.51 ppm) and urea (δ  5.58 – 6 ppm) signals were removed from each 

spectrum to eliminate baseline effects of imperfect water saturation. Spectral intensities were 

scaled to the total intensity and reduced to equidistant integrated regions of 0.005 ppm 

(buckets) over the chemical shift range of 0.7-9.5 ppm. Before the multivariate analysis, the 

NMR spectral datasets were preprocessed using the peak alignment algorithm icoshift
33

 

(http://www.models.life.ku.dk) to minimize spectral peak shift due to residual pH differences 

amongst samples. The corresponding realigned bucket tables were then exported to SIMCA-

P
+
 software (version 12.0, Umetrics, Umeå, Sweden)

34
 for statistical analysis. In a second 

dataset, spectral intensities were scaled to the creatinine area peak (δ=4.05 ppm) and reduced 

to equidistant integrated regions of 0.005 ppm (buckets) over the chemical shift range of 0.7-

9.5 ppm. A realignment using icoshift before multivariate analysis was also used. 

 

1
H-

13
C NMR experiments: 

HSQC-NMR experiments were performed and processed as previously described.
30

 

 

Data analysis and statistics 

An unsupervised method, principal component analysis (PCA), was performed with SIMCA-

P
+
 software. Data were scaled using pareto unit (Par) (for 1D NMR) scaling prior to PCA. A 

plot of the first two principal components (score plot) provided the most effective 2D 

representation of the information contained in the data set. The overall quality of the models 

was judged by the cumulative R
2
, and the predictive ability by cumulative Q

2
 extracted 

according to the internal cross-validation default method of the SIMCA-P
+
 software. 

A partial least-squares discriminant analysis (PLS-DA) was performed, as a supervised model 

of classes, with SIMCA-P
+
 software. Data were scaled using unit pareto (Par) scaling. PLS-

DA is a prediction and regression method that finds information in the X data (variables) that 

is related to known information, the Y data (classes). PLS-DA exploits the class information 
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to attempt to maximize the separation between groups of observations. To check the validity 

and the degree of overfit for the PLS-DA model, a validating model, after 200 random 

permutations, was plotted (Fig. S2†). This plot displays the correlation coefficient between 

the original y-variable and the permuted y variable versus the cumulative R
2
 and Q

2
, and the 

regression line. Q
2
 is the estimation of the predictive ability of the model and should intercept 

the Y axis at a negative value,
35

 and R
2
Y intercept should be <0.3. An extension of PLS model 

is an orthogonal PLS (OPLS-DA). OPLS-DA can rotate the projection so that the model 

focuses on the effect of interest. The overall quality of the models was judged by the 

cumulative R
2
, and the predictive ability by cumulative Q

2
. R

2
 is defined as the proportion of 

variance in the data explained by the model and indicates goodness of fit. Q
2
 is defined as the 

proportion of variance in the data that can be predicted by the model and thus indicates 

predictability. To evaluate further the significance of the findings, cross-validation analysis of 

variance (CV-ANOVA) was applied.
36

 The contribution plot provides information about the 

variables that influence any observed clustering of samples. According to these criteria, 

metabolites with greater contribution in the separation of the groups were identified and 

quantified in the NMR spectra. The features with variables importance on projection (VIP) 

values>1.0, obtained from OPLS-DA, were responsible for the differences between ASD and 

control urine samples. 

To improve the screening, the minimum number of features (spectral buckets or cross-

correlation intensities) needed for optimal classification of the two previous models (OPLS-

DA obtained with 
1
H-NMR spectral data and OPLS-DA obtained with 

1
H-

13
C HSQC) was 

determined. An alternative model was then used to combine the two datasets: the X matrix 

was composed of the minimum number of features of the combined 
1
H-NMR variables and 

the 
1
H-

13
C HSQC cross-correlation variables. To avoid the domination of one type of meas-

urement over the other one, the variables from the same type of spectrum were block-scaled 

(1/sqrt) prior to multivariate analysis using SIMCA-P
+
. OPLS-DA model was fitted using the 

above Y and X matrices. Results from cross-model validation were compared to the results 

from models using one dataset only. The OPLS-DA models were summarized in terms of sen-

sitivity (Sn, proportion of diseased subjects that are correctly classified) and specificity (Sp, 

proportion of healthy subjects that are correctly classified). 

To evaluate the prediction performance of the obtained OPLS-DA models, the receiver operat-

ing characteristics (ROC) (sensitivity values on the Y-axis and 1-specificity values on the X-

axis) curve was used. The area under the ROC curve (AUC) and 95% CI (confidence inter-

vals) were calculated for each model with ROCCET a freely available web-based tool.
17

 The 
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linear Support Vector Machine (SVM) algorithm (the default), without scaling, was used for 

classification and feature selection. ROCCET uses repeated random sub-sampling cross-

validation to test the performance of a model created with different numbers of features. AUC 

is a measure of how well a parameter can distinguish between ASD patients and controls, and 

accuracy can be determined from sensitivity (proportion of “ASD” that are correctly classified 

as “ASD”) and specificity (proportion of “control” that are correctly classified as “control”) 

[accuracy = (TrueNeg + TPos)/(TN+TP+FalseN+FP) = (Number of correct assess-

ments)/Number of all assessments)]. 

 

 

Concentration ratios of urinary metabolites selected from the Multivariate Statistical 

Analysis 

1
H NMR experiments: 

To calculate the relative mean concentrations of the selected urinary metabolites, the peak 

areas of the selected NMR signals of the chosen metabolites were integrated using 

XWinNMR version 3.5 software (Bruker Daltonik, Karlsruhe, Germany). The ratios of the 

peak areas of these selected metabolites to the methylene creatinine peak (δ 4.05 ppm) were 

then calculated. SigmaStat 3.1 software (Systat Software, Inc., California, USA) was used for 

univariate statistical analysis of these ratios. Mann-Whitney rank sum test was performed to 

compare metabolite concentrations between groups, and p < 0.05 was considered as 

significant. 

 

Results and discussion 

Urinary 
1
H NMR spectroscopic profiles 

The analysis of biological fluids by NMR-based metabolomics may identify potential 

biomarkers associated with disease. Indeed, the differences in metabolite content between 

pathological and normal samples may be biologically relevant.
37

 However, working with a 

biological fluid such as urine is challenging, and requires appropriate standardization of the 

procedures for sample preparation to avoid bias from sample handling.
38

 Also, numerous 

factors, including age,
39

 gender,
40, 41

 ethnicity,
42

 nutrition
43-45

 and medical treatment may 

affect the metabolome and complicate the identification of relevant biomarkers. It is also 

important for all individuals included in the study to be exposed to a common environment,
46

 

and to maintain a similar level of physical activity,
47, 48

 because these parameters can affect 
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the urinary metabolome. In contrast to animal studies, the standardization of such factors that 

influence the urinary metabolome is difficult in clinical studies. 

Typical NMR spectra of urine samples from control and ASD individuals are shown in Fig. 1. 

Spectral 
1
H assignments were made according to the values for chemical shifts reported in the 

literature, and in the human metabolome database (HMDB).
49

 Urine spectra contained signals 

for low-molecular-weight metabolites, including amino-acids, organic acids, and 

carbohydrates derived from the diet and from microbial and human metabolism. In particular, 

the NMR spectra revealed the presence of endogenous metabolites in urine (creatine, 

creatinine; lactate, citrate, succinate, and formate as organic acids), methylamine compounds 

such as microbial-derived metabolites dimethylamine (DMA), trimethylamine (TMA) and 

trimethylamine-N-oxide (TMAO), aromatic metabolites (hippurate and phenylacetylglutamine 

(PAG)], and amino-acids [alanine, glycine, phenylalanine, tyrosine, N-methyl nicotinic acid 

(NMNA), and N-methyl nicotinamide (NMND)].  

 

Please, insert Figure 1 

 

Multivariate Statistical Analysis of the 
1
H-NMR spectral data 

To create a normal or Gaussian distribution of metabolites levels, the choice of scaling 

parameter is important, because it defines the relationships between variables. We chose 

Pareto scaling because it gives a greater weight to variables with large values than variables 

with small values. This contrasts with ‘unit variance’ scaling that forces all x values to have 

equal weight, irrespective of the starting intensity, and thus tends to enhance distortion from 

poor baseline and other spectral artefacts. We carried out Principal Component Analysis 

(PCA), which is an unsupervised classification technique (Fig. S1†), (R
2
X(cum) = 0.61). This 

lack of discrimination between the two groups could indicate that the major source of 

variation in the data was not related to ASD. Instead, variation may be due to inter individual 

differences arising from a lack of standardization that could occur in clinical studies. Yap et 

al. reported similar findings for NMR data normalized to the total NMR spectral intensity.
21

 

PCA identifies the largest variations in the NMR data, but the latent variables (fundamental 

relationships) that allow the discrimination between ASD patients and controls did not 

necessarily show the largest variation.
37

 

OPLS-DA is a regression model that reflects the correlation between multivariate data and 

dependent variables with class information
37

, thereby minimizing any effects of non-relevant 

metabolite variability. Using 
1
H-NMR data and OPLS-DA, we demonstrated differences in 
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the urine metabolite content ASD children and controls. The scatter plot scores for total area 

normalization were R
2
X(cum)=0.19, R

2
Y(cum)=0.70, Q

2
=0.51 (Fig. 2). To assess the 

reliability of the OPLS-DA model, we applied CV-ANOVA which gave a p value of 8.37 10
-8 

(Table 1). The corresponding contribution score plot obtained from NMR data (Fig. S3†) 

showed differences in the urinary metabolic profiles of ASD patients and controls.  

Unlike urine analysis for routine medical practice which is referenced to the creatinine con-

centration of the samples, metabolomics data are commonly normalized to the total molecule 

signals of the sample as detected by 
1
H NMR analysis. In this study, we also compared the 

two spectral normalization methods: normalization to the creatinine peak or to total spectral 

intensity. The scatter plot scores for creatinine normalization were R
2
X(cum)=0.36, 

R
2
Y(cum)=0.69, Q

2
=0.36, and CV-ANOVA p=2.1 10

-4 
(Figure S4†). These results suggest 

that there are metabolic differences between the two groups that can be distinguished irrespec-

tive of the spectral normalization used.  

ASD patients had higher urinary levels of citrate, glycine, succinate, phenylacetylglutamine 

(PAG), formate and an unidentified compound “Und” (d= 0.88ppm), than controls. The uri-

nary levels of creatine (Cr), 4-cresol sulfate (4-CS), hippurate (Hip), glutamate (Glu), 3-

methyl-histidine (3-MH), trimethylamine-N-oxyde (TMAO) and dimethylamine (DMA), were 

lower in ASD patients than in controls. The 1D NMR analysis replicated some of the findings 

of 2D analysis, that was carried out with the same cohort,
30

 including findings with respect to 

citrate, succinate, glycine and 3-methyl-histidine. 

 

Please, insert Figure 2 

 

Using the OPLS-DA model, we identified the most relevant variables, from the 
1
H-NMR 

spectral data and tested their significance. Table 2 shows the medians and p values for the 

urinary metabolites. In particular, the urinary concentration of 3-methyl-histidine, succinate 

and glutamate differed significantly between the ASD patients and controls. 

 

Please, insert Table 1 

 

Please, insert Table 2 

 

Multivariate Statistical Analysis of the combined 
1
H-NMR and 

1
H-

13
C-HSQC-NMR 
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To improve the discrimination between ASD patients and controls, we fitted an alternative 

model combining the minimum number of variables from 
1
H-NMR OPLS-DA model and 

1
H-

13
C HSQC model.

30
 We obtained a good discrimination between ASD patients and controls in 

the OPLS-DA analysis. The scatter plot scores were R
2
X(cum) = 0.14, R

2
Y(cum) = 0.84, Q

2 
= 

0.71 (Fig. 3). Combining the spectra reduce the number of misclassified samples and resulted 

in a high sensitivity and specificity (Table 1). We used CV-ANOVA to assess the reliability of 

the OPLS-DA model, which gave a p value of 9.22 10
-13

. 

 

Please, insert Figure 3 

 

We analyzed classification performance by evaluating receiver operating characteristic (ROC) 

plots obtained by the ROCCET web-based tool.
17

 The ROC curve for one model is construct-

ed by plotting the true positive rate against the false positive rate. ROC results of the three 

OPLS-DA based models (
1
H-NMR, 

1
H-

13
C-HSQC, and combined 

1
H-NMR and 

1
H-

13
C-

HSQC-NMR) are shown in Table 1. The area under the ROC curve (AUC) is an indicator of 

how well a given model can predict ASD (Fig. S5†). The combined 
1
H-NMR and 

1
H-

13
C-

HSQC model had the largest AUC (0.92) of the three models. This demonstrates the ability of 

this model to effectively discriminate between control and ASD samples. Indeed, this AUC 

value correspond to a prediction accuracy of 83.2%, which validates the proposed model 

structure.
17

 These two complementary evaluations (predictive abilities and ROC curves) of 

the OPLS-DA models show that the model based combining spectra better discriminates ASD 

patients and controls than the model based on single spectral data. 

 

Metabolites analysis 

We also compared our findings to those of other studies involving metabolic profiles in ASD. 

Conflicting findings have been reported amongst these studies (Table 3).
16, 20-23, 25-27, 50-53

 

 

Please, insert Table 3 

 

We show that the urinary metabolite content of ASD patients differs from that of children 

without ASD. These finding agree with a previous study.
21

 The multivariate models show that 

urinary levels of creatine, TMAO, hippurate and formate, were lower in ASD patients than in 

controls. Urinary levels of citrate, glycine, and PAG were higher in the autistic group than the 

control group. However, when these metabolites were tested individually, the difference in 
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their abundance between ASD and control urine samples was not statistically significant. The 

urinary concentration of succinate was significantly higher in ASD patients than in controls, 

whereas urinary concentrations of glutamate and 3-methyl-histidine were significantly lower 

in ASD patients than in control. The creatinine normalization can face some biological 

challenges because of changes in creatinine concentration caused by metabolic responses but 

in our population, results were similar when normalization was based on creatinine or total 

spectral intensity. To be in agreement with the clinical values in the literature, the 

concentrations are voluntarily expressed as relative concentration to creatinine (mM/µM of 

creatinine). 

Kaluzna-Czaplinska et al., by GC-MS analysis, reported high urinary concentrations of 

organic acids, such as citrate, in children with ASD.
24

 These authors also reported an increase 

in the urinary concentrations of succinic acid in ASD children.
50

 We found that the urinary 

concentrations of these two organic acids were higher in ASD patients than in controls, a 

finding that was also reported in study involving GC-MS.
16

 High urinary concentrations of 

succinate is a marker of perturbation to the citric acid cycle, resulting in a deficiency in the 

production of cellular energy.
51

 Consequently, the higher than normal urinary concentrations 

of citrate and succinate that we report for ASD patients suggests that ASD is associated with a 

disturbance to energy metabolism. Several studies have described an association between 

ASD and mitochondrial dysfunction.
54-56

 Indeed ASD patients display peripheral markers of 

mitochondrial energy metabolism dysfunction, including elevated levels of lactate,
57

 pyruvate 

and alanine in blood, urine, and/or cerebrospinal fluid.
58-60

 A study involving phosphorus (
31

P) 

nuclear magnetic resonance (NMR) spectroscopy demonstrated low abundance of 

phosphocreatine (PCr) and ATP levels in the frontal lobe of ASD patients.
61

 This suggests that 

mitochondrial dysfunction in the central nervous system (CNS) is a feature of ASD. More 

recently Kubas B. et al.
62

 used 
1
H-MRS in vivo and revealed a lower ratio of Glx 

(glutamine+glutamate) to Cr in the frontal lobe region of autistic children than in the frontal 

lobe of healthy controls. Therefore perturbation to some metabolite ratios may contribute to 

the pathogenesis of autism. At 1.5-Tesla MRI, it is not possible to examine which compound 

(i.e., glutamate or glutamine) contributes most to the decrease in Glx. Joshi G. et al.
63

 used 4-

Tesla MRI and showed that in adolescent male with autism, that there was high abundance of 

glutamate in the anterior cingulate cortex but a low abundance of glutamate in the right 

medial temporal lobe. These observations support the glutamatergic dysregulation hypothesis 

in autism. In our study, the urinary glutamate concentration was lower in the ASD group than 

in controls. Several studies have shown that children with ASD show perturbations of amino-
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acid metabolism.
52, 58

 For example, concentrations of alanine, valine, leucine, asparate, 

glutamine and glutamate levels
52

 are lower in autistic children than in controls.
64

 

Clayton et al.
65

 found that gut microbial metabolism of phenylalanine and tyrosine is 

associated with autism and suggested that this is involved in disease pathogenesis. These 

findings are in agreement with those of Yap et al.
21

, and Kaluzna-Czaplinska J.
24

 Similarly to 

Yap et al., we observed perturbation to urinary concentrations of glycine and glycine-

conjugated compounds, such as hippurate, in patients with ASD. This is consistent with the 

hypothesis of the involvement of gut microbial amino-acid metabolism in ASD. However, 

unlike Yap et al., urinary concentrations of PAG were not remarkably low in patients with 

ASD. 

 

Conclusion 

The selection of metabolomics biomarkers that may be helpful for diagnosis of ASD has been 

complicated by conflicting findings amongst metabolomics studies. This is probably due to 

the large variety of biological fluids and analytical techniques used in metabolomics studies. 

From the list of metabolites implicated in autism, there may be one, or a few, that are relevant 

to the disease. In this NMR study, we used multivariate data analysis to reveal differences in 

the urinary concentrations of various metabolites between children with ASD and controls. 

We used a combination of 
1
H-NMR and 

1
H-

13
C HSQC NMR to analyse the metabolite 

content of urine. 
1
H-NMR is quantitative and reproducible, and 

1
H-

13
C HSQC NMR can 

identify compounds with high accuracy. We show that combined use of these complementary 

spectroscopies improved classification. Furthermore using combined 
1
H-NMR and 

1
H-

13
C-

HSQC NMR and multivariate statistical techniques, we identified that an urinary metabolic 

profile of ASD was distinct from that of healthy controls and demonstrated strong predictive 

power for this disease. 
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ASSOCIATED CONTENT 

Figures: 

Figure 1: Typical 
1
H-NMR spectra for urine from controls or ASD patients. Principal 

metabolites giving peaks in the spectrum: creatine, creatinine, dimethylamine (DMA), N-

acetyl glycoprotein, trimethylamine-N-oxyde (TMAO), hippurate, 4-cresol sulfate (4-CS) 

phenylacetylglutamine (PAG), lactate, succinate, citrate, formate, alanine, glycine, glutamate 

(Glu). 

Figure 2: Scatter plot of OPLS-DA scores obtained from 
1
H-NMR spectra of urine samples 

from control children (grey dots) or autistic children (black squares). (R
2
Y(cum)=0.70, 

Q
2
(cum)=0.51, CV-ANOVA p=8.37 . 10

-8
) 

Figure 3: Scatter plot of OPLS-DA scores obtained from combined 
1
H-NMR and 

1
H-

13
C 

HSQC spectra of urine samples from control children (grey dots) or autistic children (black 

squares). (R
2
Y(cum)=0.84, Q

2
(cum)=0.71, CV-ANOVA p=9.22 . 10

-13
) 

 

Tables 

Table 1: Predictive abilities of the models constructed and classification results. 

Table 2: Ratio of the concentration of a relevant metabolite to the methylene peak of 

creatinine. P values were calculated with the Mann-Whitney rank sum test. Relevant 

metabolites were determined as those most capable of distinguishing ASD patient from 

controls in the 
1
H-NMR OPLS-DA model. 

Table 3: Comparison of findings from different metabolomics studies. Listed studies that have 

used NMR or other analytical techniques to investigate differences in the urinary 

concentrations of metabolites in ASD patients and healthy subjects.  
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Fig 2 : Scatter plot of OPLS-DA scores obtained from 1H-NMR spectra of urine samples from control 
children (grey dots) or autistic children (black squares). (R2Y(cum)=0.70, Q2(cum)=0.51, 
CV-ANOVA p=8.37 . 10-8) 

Fig 3 : Scatter plot of OPLS-DA scores obtained from combined 1H-NMR and 1H-13C HSQC spectra of urine 
samples from control children (grey dots) or autistic children (black squares). (R2Y(cum)=0.84, Q2(cum)=0.71, 
CV-ANOVA p=9.22 . 10-13) 
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Table 1: Predictive abilities of the models constructed and classification results. 

OPLS-DA 

Models 

Predictive Abilities Misclassified ROC curves 

R2Y(cum) Q2(cum) 
CV-

ANOVA 

ASD samples 

(Sn) 

Control samples 

(Sp) 

AUC [95% CI] 

(Average Accuracy) 

1
H-NMR 0.70 0.51 8.37.10

-8
 

4/30 

(86.6%) 

0/28 

(100%) 

0.91 [0.761-1] 

(79%) 

1
H-

13
C-HSQC 0.78 0.60 7.77. 10

-9
 

1/30 

(96.6%) 

2/28 

(92.8%) 

0.84 [0.707-0.965] 

(74.8%) 

Combined 
1
H-

NMR and HSQC 
0.84 0.71 9.22. 10

-13
 

0/30 
(100%) 

0/28 
(100%) 

0.92 [0.803-1] 
(83.2%) 

Sn = Sensitivity (The number of diseased subjects that are correctly identified as diseased) 

Sp = Specificity (The number of healthy subjects that are correctly identified as healthy) 
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Table 2 Ratio of the concentration of a relevant metabolite to the methylene peak of creatinine. P 

values were calculated with the Mann-Whitney rank sum test. Relevant metabolites were determined 

as those most capable of distinguishing ASD patient from controls in the 1H-NMR OPLS-DA model. 

Metabolites 
Urine level in µM/mM Creatinine 

Median [interquartile range] 
p score 

 ASD Control  

Und  51 [41-66] 54 [47-68] 0.534 

Succinate 28 [17-52] 17 [13-21] <0.001 

Citrate 340 [266-476] 328 [261-432] 0.453 

DMA 47 [41-57] 50 [41-82] 0.172 

Creatine 158 [62-286] 205 [83-456] 0.164 

TMAO 76 [52-135] 71 [53-143] 0.617 

Glycine 138 [111-241] 157 [112-196] 0.612 

3-MH 45 [36-51] 53 [44-78] 0.014 

Hippurate 348 [223-626] 348 [270-701] 0.817 

4-CS 96 [59-153] 90 [66-128] 0.705 

Formate 36 [25-76] 52 [36-63] 0.336 

Glutamate 284 [212-325] 331 [287-376] 0.012 

Metabolite levels in urine (µM/mM Creatinine) are indicated as median values (with interquartile range i.e 25th 

and 75th percentiles in brackets). Non-parametric statistics were used due to lack of normal distribution for most 

of the metabolites. For metabolites indicated in bold, p values are below 0.05. 
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Table 3 : Comparison of findings from different metabolomic studies. Listed studies that have used 

NMR or other analytical techniques to investigate differences in the urinary concentrations of 

metabolites in ASD patients and healthy subjects. 

Metabolites 
Our study 

1D NMR  

Our study 

1D + 2D a NMR 

Yap IKS et al. 

1D NMR
21
 

Others analytical platforms 

Succinate 

Citrate 

Glutamate 

Alanine 

Hippurate 

Glycine 

3-MH b 

Taurine 

Creatine 

Histidine 

� 
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� 

(�) 
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(�) 

� 

 

(�) 

 

�  
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27
 

 

�
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; �

23
 

(Upward (downward) arrows indicate significantly higher (lower) urine metabolite concentrations in ASD 
patients than in controls. Upward (downward) arrows in brackets indicate metabolites with a trend toward higher 

(lower) concentrations in ASD patients than in controls).  
a only metabolites identified in the HSQC analysis30 
b
 3-MH: 3-methyl-histidine 
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