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Abstract
Introduction  It is challenging to establish the mechanisms involved in the variety of well-defined clinical phenotypes in 
autism spectrum disorder (ASD) and the pathways involved in their pathogeneses.
Objectives  The aim of the present study was to evaluate the metabolomic profiles of children with ASD subclassified by 
mental regression (AR) phenotype and with no regression (ANR).
Methods  The present study was a cross-sectional case–control study. Thirty children aged 2–6 years with ASD were included: 
15 with ANR and 15 with AR. In addition, a control group of 30 normally developing children was selected and matched to the 
ASD group by sex and age. Plasma samples were analyzed with a metabolomics single platform methodology based on liquid 
chromatography-mass spectrometry. Univariate and multivariate analysis, including orthogonal partial least squares-discrimi-
nant analysis modeling and Shared-and-Unique-Structures plots, were performed using MetaboAnalyst 4.0 and SIMCA-P 15. 
The primary endpoint was the metabolic signature profiling among healthy children and autistic children and their subgroups.
Results  Metabolomic profiles of 30 healthy children, 15 ANR and 15 AR were compared. Several differences between 
healthy children and children with ASD were detected, involving mainly amino acid, lipid and nicotinamide metabolism. 
Furthermore, we report subtle differences between the ANR and AR groups.
Conclusions  In this study, we report, for the first time, the plasmatic metabolomic profiles of children with ASD, including 
two different phenotypes based on mental regression status. The use of a liquid chromatography-mass spectrometry platform 
approach for metabolomics in ASD children using plasma appears to be very efficient and adds further support to previous 
findings in urine. Furthermore, the present study documents several changes related to amino acid, NAD+ and lipid metabo-
lism that, in some cases, such as arginine and glutamate pathway alterations, seem to be associated with the AR phenotype. 
Further targeted analyses are needed in a larger cohort to validate the results presented herein.
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1 � Background

Autism spectrum disorder (ASD) is a neurodevelopmental 
disorder characterized by persistent deficits in social com-
munication and social interaction across multiple contexts 
with repetitive and restricted patterns of behaviors, activi-
ties, and interests (American Psychiatric Publishing 2013). 
There is a large heterogeneous spectrum of features and a 
wide range of medical comorbidities. The American Psychi-
atric Association’s Diagnostic and Statistical Manual, Fifth 
Edition (DSM-5), established the criteria for ASD cover-
ing two domains, i.e., social communication difficulties and 
repetitive and restricted behaviors, and includes abnormal 
sensory responses as a cardinal symptom (Howes et al. 
2018). Symptoms must be present in early development of 
ASD, but the age of onset and its evolution, i.e., with or 
without mental regression, varies considerably. There are 
phenotypes in which some children undergo normal neu-
rodevelopment and then regress in their developmental mile-
stones. Metabolic alterations can underlie several comor-
bidities associated with ASD, such as seizures and sleep 
disorders and could contribute to autism severity (Altieri 
et al. 2011; Gabriele et al. 2014; Gevi et al. 2016).

The diagnosis of ASD is based on reported and observed 
behavior in keeping with diagnostic classification systems 
supported by test to exclude other explanations of the behav-
iors. Therefore, it is difficult to establish the variety of well-
defined phenotypes in autism disorders and the pathways 
involved in their pathogeneses. Therefore, novel techniques, 
such as metabolomic profiling, can contribute to this objec-
tive because of their potential to enable the global analysis of 
low-molecular-weight metabolites, thus aiding in elucidat-
ing systemic perturbations. For instance, in 2010, Yap et al. 
(2010) reported a perturbation in the tryptophan-nicotinic 
acid metabolic pathway using an nuclear magnetic reso-
nance-based platform in urine from autistic children. Meta-
bolic alterations related to amino acids, carbohydrates and 
oxidative stress pathways were then described after urinary 
analysis using liquid chromatography-mass spectrometry 
(LC–MS) (Bitar et al. 2018; Mavel et al. 2013; Ming et al. 
2012) and nuclear magnetic resonance (Noto et al. 2014). 
Overall, the plasma and urine metabolomes associate ASD 
with perturbed metabolic pathways related to tryptophan, 
nicotinic acid, purines, vitamin B6, and the enhancement of 
oxidative stress, as well as gut microbiota alterations. (Gevi 
et al. 2016; Lussu et al. 2017; Mavel et al. 2013; Mussap 
et al. 2016; Nadal-Desbarats et al. 2014).

Novel changes in several plasma metabolites in ASD 
were recently reported (West et al. 2014). Interestingly, 
such findings, including alterations in the aspartate, cit-
rate, creatinine, DHEA-S, isoleucine, glutamate and glutar-
ate metabolic pathways, had not been previously reported 

in the metabolomic profiling of urine (West et al. 2014). 
Hence, metabolomic analysis in plasma appears to be a suit-
able tool for further investigation of the disease mechanisms 
and has the potential to identify metabolic profiles within 
ASD. Thus, the aim of the present study was to evaluate the 
metabolomic profile of children with ASD subclassified by 
mental regression phenotype (AR) and non-mental regres-
sion (ANR) in plasma samples with an analytical platform 
methodology based on LC–MS.

2 � Subjects and methods

The present study was a cross-sectional case–control study 
and was approved by the Clinical Research and Bioethics 
Committee at Reina Sofia University Hospital respecting the 
fundamental principles established in the Declaration of Hel-
sinki. The selected subjects were incorporated into the study 
after all inclusion criteria were fulfilled and informed written 
consent from the children’s legal guardians was obtained.

2.1 � Participants

Fifty-seven ASD children were initially selected for this 
study (the recruitment started during 2015 in the Depart-
ment of Psychology, Reina Sofia University Hospital, Cor-
doba, Spain). Of those, three children were excluded for 
not meeting the diagnostic criteria for ASD during the sub-
sequent follow-up interviews at 18 months. Such interview 
is a follow-up to verify if the individuals continue meeting 
the DSM-5 Criteria.

All ASD children selected were between 2 and 6 years 
old with an agreed clinical diagnosis using the criteria 
of the International Classification Disease 10th Edition 
for ASD (World Health Organization 1992) and DSM-5 
(American Psychiatric Publishing 2013). The diagnosis 
was confirmed by scores above the cut-off points of two 
tests, the Autism Diagnostic Observation Schedule test, 
with revised algorithms, and the Pervasive Developmen-
tal Disorders (Behavior Inventory) (PDDBI), the latter as 
a means of obtaining a measure of the severity of ASD. 
The ASD group was also classified according to whether 
the children presented developmental delay (a score lower 
than 70 in the cognitive quotient of the Battelle develop-
mental test) or not. Within the ASD group, there were 20 
children classified as AR and 32 classified as ANR: two 
children could not be clearly classified into either of these 
subgroups. The subdivision (ANR and AR) was based on 
the presence or absence of developmental regression dur-
ing the first 2 years of life, which was assessed by a five-
item questionnaire following the guide used by the ADI-R 
clinical interview for the evaluation of this process (Kim 
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and Lord 2012). ASD children who obtained a score equal 
to or greater than three were included in the mental regres-
sion group and those with a score of less than three were 
included in the non-mental regression group.

ASD children presenting with other known neurologi-
cal, metabolic or genetic diagnoses were excluded, as were 
children with medical treatment for autism-related behav-
ioral comorbidities that may interfere with the results, such 
as sedatives, muscle relaxants or similar.

For the present study, we selected a subsample of 30 
ASD subjects (15 ANR and 15 AR) choosing those with 
higher scores towards one group or another in the tests 
thus eliminating those with more doubtful data.

Additionally, a control group of 30 normally developing 
children was selected and matched to the ASD group by sex 
and age. Children in the control group were chosen from those 
who came to the hospital for pre-anesthesia for minor surgery 
(mainly hernias). The clinical and analytical absence of illness 
was confirmed in this group of healthy children after normal 
results. Table 1 shows the general characteristics of the selected 
ASD subgroups and healthy children (HC) participants.

2.2 � Blood sampling

Blood samples (6 ml) were drawn following a 12-h fast. In 
all the children with ASD, the blood test was carried out 
after confirming the diagnosis, at the recruitment. In HC, 
all the analysis were realized before the anesthesia and sur-
gery intervention. Blood and general biochemical analyses 
were performed to confirm the absence of other diseases, 
and other plasma aliquots were stored at − 80 °C.

2.3 � Metabolomics analysis

The major outcome of the study was to investigate differ-
ential metabolomic signatures among groups, therefore, we 

considered a broad analytical platform for such aim. Metabo-
lon Inc. (Durham, NC, USA) platform have proven reliable 
and fit our needs due to its broad coverage. All metabolomics 
analyses were developed by Metabolon, Inc. (Durham, NC, 
USA) following methods previously described (Evans et al. 
2009, 2014). Details of the analytical methods, data extrac-
tion, preprocessing and compound identification are listed 
in eMethods 1 in Additional File 1.

2.4 � Statistical analysis

2.4.1 � Univariate analysis

We used ANOVA tests to identify biochemical compounds 
that differed significantly between experimental groups. We 
performed a log transformation (to reduce the heteroscedas-
ticity) and due to the difficulty of this method to handle zero 
or missing values we imputed missing values, if any, using 
a value corresponding to half of the minimum positive of 
each variable. Furthermore, to correct for multiple testing 
and false positives we used a false discovery rate cut-off of 
q < 0.1 (more in eMethods 1 in Additional File 1).

2.4.2 � Multivariate analysis

2.4.2.1  Data processing  The metabolomics dataset was 
preprocessed using MetaboAnalyst v4.0 (Xia et  al. 2015) 
(Quebec, Canada). All missing values were replaced using 
a value corresponding to half of the minimum positive of 
each variable. Next, the variables were log-transformed and 
unit variance-scaled. Data were introduced into SIMCA-P 
(SIMCA-P 15.0, Umetrics, Umeå, Sweden) for multivariate 
analysis using unsupervised and supervised models.

2.4.2.2  PCA and  OPLS‑DA  Principal component analysis 
(PCA) and orthogonal partial least-squares-discriminant 
analysis (OPLS-DA) were carried out to visualize the met-

Table 1   Demographic, 
anthropometric data and 
psychological tests results in 
children with ASD compared 
with healthy children

p values were obtained from an ANOVA test or Student’s t test. p < 0.05 was considered statistically signifi-
cant
ANR autistic without regression, AR autistic with regression, BMI body mass index, CARS Childhood 
Autism Rating Scale Test, HC healthy children, PDDBI Pervasive Developmental Disorders (Behavior 
Inventory)

HC (mean ± SD) ANR (mean ± SD) AR (mean ± SD) p

Sex (male) 4/30 2/15 3/15 NS
Age (months) 48.67 ± 15.03 44.8 ± 9.37 45.0 ± 12.65 NS
Weight (kg) 16.74 ± 3.6 16.23 ± 3.4 16.91 ± 3.6 NS
Height (cm) 101.74 ± 8.25 103.9 ± 8.7 104.1 ± 12.39 NS
BMI (kg/m2) 16.0 ± 1.6 14.9 ± 1.5 16.4 ± 1.7 0.033
Battelle test – 60.96 ± 13.29 47.05 ± 10.33 0.002
CARS test – 30.6 ± 6.11 35.9 ± 8.12 0.009
PDDBI test – 46.13 ± 10.47 53.93 ± 10.39 0.023
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abolic alterations in HC and ASD children and between 
the AR and ANR groups. PCA modeling was used for an 
initial exploration of the data with the main purpose of 
detecting potential outliers and patterns. OPLS-DA mod-
els were built to identify patterns and the features that 
discriminate between the different groups, e.g., ASD vs 
HC and ANR vs AR. In these discriminant analyses, the 
default seven-round cross-validation in the SIMCA-P soft-
ware package was applied. Furthermore, the cross-valida-
tion ANOVA (CV-ANOVA) was calculated to assess the 
reliability of the models (further details in eMethods1). 
Also 100-fold permutation tests were calculated and its 
plots and together with the observed vs. predicted plots are 
included in the supplemental material (eFigure 3). We also 
obtained the so-called variable importance in the projec-
tion (VIP) values that were relevant for group discrimi-
nation. We selected features with a VIP > 1.5 to integrate 
the pathway analysis. Furthermore, the advantage of using 
OPLS-DA is the capability of this model to decompose the 
data into “predictive” information related to the response 
of Y (in our study, HC vs ASD, ANR or AR) and “orthog-
onal” structured information not related to the response 
(and that could be related to other factors such as technical 
or biological variation).

To improve the interpretation, shared-and-unique 
(SUS)-plots were built using the p(corr) of two different 
models. Thus, it is possible to extract metabolites related 
to a specific model and to identify shared features between 
both models either in a similar trend or in the inverse direc-
tion (more details are provided in eFigure 1 in Additional 
File 1).

3 � Results

3.1 � General characteristics

Table 1 also shows the results of the Battelle, CARS and 
PDDBI psychological tests for both AR and ANR children, 
which were significantly different among groups.

3.2 � Metabolite identification using an untargeted 
approach in a UPLC–MS/MS platform

Plasma metabolic profiling was established to explore meta-
bolic patterns associated with ASD and the mental regres-
sion status. Seven-hundred fifty metabolites were detected: 
295 in C18-negative mode, 75 in negative HILIC mode, 189 
in early positive mode and 191 in late positive mode. A sum-
mary of the compounds that achieved statistical significance 
(p ≤ 0.05) between the ASD and HC groups is shown in eTa-
ble 1 in Additional File 2.

3.2.1 � Univariate analysis: single differences 
between classes

3.2.1.1  HC versus ASD  ANOVA of the HC and ASD groups 
showed several metabolites whose concentrations differed 
significantly (eTable 1 in Additional File 2; p < 0.001 and 
FDR < 0.1). Such metabolites corresponded mainly to the 
malate-aspartate shuttle, the urea cycle, ammonia recycling, 
the glucose-alanine cycle, beta-alanine metabolism, and the 
aspartate and tryptophan metabolic pathways (according to 
KEGG pathway analysis). A heatmap (including the top 25 
significant metabolites) in which it was possible to highlight 
the differences between the two groups can be seen in Fig. 1.

3.2.1.2  ANR versus AR  When comparing the ANR and AR 
subgroups, seven compounds (decanoylcarnitine C10, ara-
chidate, laurate, octanoylcarnitine, quinate, 7-methylurate 
and myristate) were significantly different (all p < 0.001 and 
FDR < 0.1). These metabolites were related mainly to fatty 
acid metabolism, except for quinate and 7-methylurate.

3.2.2 � Multivariate analysis

3.2.2.1  PCA  It was not possible to identify a valid separa-
tion between the HC and ASD groups using this approach 
(Fig.  2a). When labelling the samples as HCs, ANR and 
AR we did not detect any clustering (Fig. 2b (PCA model: 
R = 0.66; Q = 0.0708)).

3.2.2.2  OPLS‑DA modeling  Four different models were 
built. The first compared the HC vs ASD groups (Fig. 2c). 
The other models built were as follows: HC vs ANR, HC vs 
AR and ANR vs AR (non-significant). Table 2 summarizes 
the predictive abilities of each constructed model, and sev-
eral lists of VIP (total, predictive and orthogonal) features 
are included in eTables 2–4 in Additional File 2.

The SUS-plot (eFigure 1 in Additional File 1), which com-
bines the HC vs ANR and HC vs AR models (built in binary 
mode using the HC group as a reference), helps identify two 
metabolites shared by both models in a decreasing trend in 
both subgroups (glutamate and aspartate). 4-Methyl-oxopen-
tanoate was found in both models but in an increasing trend. 
Furthermore, three metabolites were identified in relation to 
ANR in an increasing trend: 3-methylxanthine, 7-methylurate 
and 3-methylhistidine. Finally, we identified a decrease in 
laurate as the only marker specific to the AR group.

3.3 � Pathway enrichment analysis constructed 
using OPLS‑DA predictive and orthogonal 
components

Two lists of VIP features were used for the pathway enrich-
ment analysis using MetaboAnalyst 4.0: one was built from 
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the predictive component (related to the class) and the other 
was built from the orthogonal components (not related to 
the class but to orthogonal variation). Due to limitations of 
the database (KEGG pathways) within the MetaboAnalyst 
platform, not all the metabolites were recognized. Addition-
ally, an over-representation analysis was performed with-
out significant results after FDR cutoff (Figure included as 
eFigure 3).

3.3.1 � HC versus ASD

Ninety-one metabolites were selected from the predictive 
component (eTable 2); however, only 77 were recognized. 
The integration of these metabolites showed that five canoni-
cal pathways were significantly modified in the ASD group 
compared with HCs, namely, aminoacyl-tRNA biosynthesis, 
alanine, aspartate and glutamate metabolism, galactose and 
nicotinate and nicotinamide metabolism and panthothen-
ate and CoA (all with raw p values ≤ 0.01 and FDR < 0.1). 
The inclusion of compounds into the orthogonal compo-
nent revealed only a change in aminoacyl-tRNA biosyn-
thesis, which did not correlate with the ASD condition (p 
value ≤ 0.01 and FDR < 0.1).

3.3.2 � HC versus ANR

The pathway enrichment analysis included 88 metabolites 
from the predictive component and 80 from the orthogo-
nal component (eTable 3). Only caffeine metabolism in the 

first and nitrogen metabolism in the latter were significantly 
affected (raw p values ≤ 0.01 and FDR < 0.1).

3.3.3 � HC versus AR

Ninety-four compounds from the predictive component 
and 58 from the orthogonal components were analyzed 
(eTable 4); Four canonical pathways reflected a significant 
change related to the predictive component, namely, ami-
noacyl-tRNA biosynthesis; alanine, aspartate and glutamate 
metabolism; panthothenate; and CoA and fatty acid biosyn-
thesis (raw p values ≤ 0.01 and FDR < 0.1). No pathway was 
associated with the orthogonal component.

4 � Discussion

In this study, we report, for the first time, the plasmatic 
metabolomic profiling of ASD children subclassified by 
mental regression (AR) phenotype and with no regression 
(ANR). With the use of an LC–MS platform including C18 
and HILIC columns, we covered a broad range of metabo-
lites, which was complemented with comprehensive statis-
tical and pathway enrichment analyses. We present several 
alterations observed in ASD compared with HCs involv-
ing mainly amino acid, lipid and nicotinamide metabolism. 
However, we were able to distinguish only subtle significant 
differences when isolating the ASD subgroups.

Fig. 1   Heatmap built using the top 25 significant metabolites between the HC and ASD groups. The significant metabolites were selected using 
a t test. The color bar corresponds to the fold change from HC vs ASD
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Fig. 2   a PCA scores plot 
including samples from HC and 
ASD. HC healthy children, ASD 
autistic children. b PCA scores 
plot including samples from HC 
and autistic children (labelled 
as ANR and AR). HC healthy 
children, AR autistic mental-
regression children, ANR 
autistic non-mental regression 
children. c OPLS-DA model 
score plot showing separation 
by condition, including ASD 
children and HCs. HC healthy 
children, ASD autistic children
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Due to the complexity of ASD, rather than focusing on 
single biomarkers, which might result in inaccurate results, 
the strength of our research lies in the integration of the most 
discriminant metabolites (and the exclusion of the orthogo-
nal metabolites) in their respective pathways, which was pro-
vided by the OPLS-DA modelling. Nevertheless, the use of 
univariate and multivariate analysis should be considered 
as complementary and confirmatory; i.e. laurate that was 
significantly different between ANR and AR as shown in 
the univariate analysis, also appeared to be as a significant 
discriminator in the SUS-plot (built from the multivariate 
modeling).

4.1 � Endogenous metabolites

Glutamate functions as a major excitatory molecule in the 
brain, and alterations in its metabolism can lead to imbal-
ances in the excitation/inhibition equilibrium of neural net-
works, which may lead to autistic-like symptoms. Herein, we 
report similar decrease in glutamate in both the ANR and 
AR groups compared with the HC group (in both univariate 
and multivariate analysis). Although the relative concen-
trations of aspartate and glutamate were modified in both 
groups, other metabolites were specific within each group, as 
shown by both statistical analyses, such as gamma carboxy-
glutamate, N-Carboxyethyl-gamma-aminobutyric acid and 
4-hydroxyglutamate in the ANR group and N-acetyl-aspar-
tyl-glutamate (NAAG) in the AR group. Alterations of these 
metabolic pathways in ASD have been previously reported 
in urine but in an inverse manner (Kałużna-Czaplińska et al. 
2017; Rolf et al. 1993; Rossignol and Frye 2012; Yap et al. 
2010) and may be related with the pathogenesis of the dis-
order and disease severity (Alabdali et al. 2014). However, 
they may also be associated with food restrictions, such 
as diets low in protein or lacking certain types of food or 
impaired digestion. Also, the restriction might lead to the 
substitution with other types of foods thus this should be 
analyzed thoroughly (Kałużna-Czaplińska et  al. 2017). 
Interestingly, using the SUS-plot, we identified metabolites 
specific to each group that although have been proposed as 
biomarkers of intake of dietary products, such as meat (Sch-
medes et al. 2016) or cocoa (Garcia-Aloy et al. 2015) could 

be related also to some metabolic alterations and need to be 
studied in detail in further studies.

Some biochemicals comprising the malate-aspartate shut-
tle were decreased in the entire ASD cohort (as shown in 
both analyses), suggesting deregulation in this mitochondrial 
process. The malate-aspartate shuttle is a crucial system that 
supports oxidative phosphorylation and ATP production 
(Napolioni et al. 2011). We should note that changes in the 
activity of aspartate-glutamate carriers have been detected 
in gray matter obtained from autistic individuals (Palmieri 
et al. 2010). Taken together, the imbalance in glutamate 
metabolism may also originate from changes in malate-
aspartate shuttle activity.

Arginine, N-acetylarginine, homoarginine and n-alpha-
acetylornithine discriminated the ASD cohort, and particu-
larly the AR group, from the control group (multivariate 
analysis, univariate analysis only shows arginine as signifi-
cant). In this regard, urinary (Diémé et al. 2015) and plas-
matic (Delwing et al. 2008) arginine have been reported to 
be increased in ASD children. An excessive amount of argi-
nine and its compounds might increase oxidative stress by 
increasing nitric oxide (NO). As reviewed by Rossignol et al. 
it seems that ASD patients might be both, more vulnerable 
to NO and present higher concentrations of NO at baseline, 
factors that could act synergistically to cause significant 
mitochondrial impairment (Rossignol and Frye 2012). Our 
findings suggest that AR subjects have a more dysregulated 
NO pathway, and such alterations may be related with the 
regression.

The branched-chain amino acids (BCAAs), valine, iso-
leucine, and leucine, are important constituents of proteins 
but are also readily degraded into carbon skeletons that may 
enter anabolic pathways (i.e., gluconeogenesis or fatty acid 
synthesis) or pathways associated with energy generation 
(i.e., the TCA cycle). In the present study, we found a pos-
sible alteration in the BCAA metabolism in ASD, which 
was supported by an accumulation of several alpha-keto 
derivates, such as 3-methyl-2-oxobutyrate, 3-methyl-2-ox-
ovalerate, and 4-methyl-2-oxopentanoate. These accumula-
tions indicate that these compounds exhibit reduced incorpo-
ration into the TCA cycle, thus contributing to alterations in 
anabolic processes and/or energy generation. These changes 

Table 2   Summary of the 
predictive abilities of the 
OPLS-DA models constructed

ANR ASD without mental regression, AR ASD with mental regression, ASD autism spectrum disorder, NS 
non-significant

Comparison Predictive 
component

Orthogonal 
components

R2X (cum) R2Y (cum) Q2 (cum) CV-ANOVA

HC vs. ASD 1 2 0.2 0.939 0.625 1.33E−09

HC vs. ANR 1 2 0.206 0.950 0.539 2.696E−05

HC vs. AR 1 3 0.261 0.977 0.401 0.0130924
ANR vs. AR NS NS NS NS NS NS
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point towards a dysregulation in glutamate homeostasis, as 
the BCAA aminotransferase utilizes alpha-ketoglutarate 
to transfer the amino group and forms glutamate, both of 
which were decreased in the ASD cohort (univariate and 
multivariate analyses). Moreover, in connection with these 
alterations, we detected an increase in carnitine-conjugated 
intermediates (i.e., isovalerylcarnitine and isobutyrylcarni-
tine) in the ASD cohort, and acylcarnitines decanoylcarni-
tine and octanoylcarnitine were significantly higher in the 
ANR group than the AR group as shown in the univariate 
and multivariate analyses. It is known that the inhibition of 
the TCA cycle may result in an elevation of TCA cycle inter-
mediates but also impairs fatty acid β-oxidation. Therefore, 
these abnormalities may be associated with mitochondrial 
dysfunction in children with ASD (Frye et al. 2013; Ros-
signol and Frye 2012).

In addition, the association between alterations in uri-
nary tryptophan metabolism in autistic children (Kałużna-
Czaplińska et  al. 2017) entails numerous irregularities, 
including the serotonin pathways. In this regard, we found 
that tryptophan was significantly higher in both subgroups 
(ANR and AR, both statistical analyses) than in HCs. Fur-
thermore, other tryptophan-associated metabolites, such 
as kynurenine, 5-bromotryptophan, 3-indoxyl sulfate, 
indolelactate and 6-hydroxyindole sulfate, were elevated in 
the ANR group. Kynurenine is produced by indoleamine 
2,3-dioxygenase in response to inflammatory stimuli. Thus, 
an increase in the kynurenine level may reflect increased 
inflammation in the ASD group. Changes in NAD+ metab-
olism were noted, with a significant decline in the nicoti-
namide levels and increases in 1-methyl-nicotinamide and 
N-methyl-2-pyridone-5-carboxamide (with a VIP = 1.46) in 
the ASD cohort. Remarkably, similar changes, but in urine, 
have been reported (Adams et al. 2011; Yap et al. 2010). Nic-
otinamide is a key intermediate in the synthesis of NAD+, a 
coenzyme that plays a vital role in redox reactions by accept-
ing electrons and forming NADH as part of β-oxidation, 
glycolysis, and the TCA cycle. In ASD patients, a decrease 
in the conversion of tryptophan to melatonin could lead to an 
increase in nicotinic synthesis, thus increasing the demand 
for methylation and increasing the susceptibility to oxidative 
stress (Mussap et al. 2016). In fact, n-methyl nicotinamide 
and N-methyl-2-pyridone-5-carboxamide have been impli-
cated in the pathogenesis of Parkinson’s disease (Fukushima 
et al. 1995; Willets et al. 1993).

4.2 � Lipid metabolism

Evidence has shown that abnormalities in lipid metabo-
lism may play a role in the pathogenesis of ASD and 
can be connected with metabolic and dietary altera-
tions in the regressive form of autism (El-Ansary 
et  al. 2011; Goldani et  al. 2014). The lysolipids 

1-palmitoyl-glycerol-phosphatidyl-etholamine (GPE) and 
1-stearoyl-GPE were decreased in plasma obtained from 
autistic individuals (univariate and multivariate analysis, 
eTables1, 2). These are degradation products derived from 
phospholipids and are formed when phospholipases remove 
fatty acid moieties from the Sn-1 and Sn-2 positions of phos-
pholipids (Khaselev and Murphy 2000). Changes in tria-
cylglycerol metabolism were also noted based on mental 
regression status, with an accumulation of several species 
of mono- and diacylglycerols in the AR group compared to 
the ANR group (univariate analysis, eTable 1). Mono- and 
diacylglycerols are intermediates in triacylglycerol metabo-
lism; they are formed when lipases remove fatty acids from 
the glycerol backbone of triacylglycerols. Moreover, the uni-
variate analysis (eTable 1) revealed that there was a marked 
decrease in both long- and medium-chain fatty acids in 
samples from the AR group. These alterations may indicate 
differences in triacylglycerol and phospholipid metabolism, 
fatty acid utilization, and beta-oxidation. We should note 
that the changes in free fatty acids were more pronounced 
in the AR subgroup and, in some cases, showed significant 
changes between the AR and ANR groups (i.e.,myristate 
and palmitate) in the univariate analysis, and the change in 
laurate appears to be specific to the AR group, as reflected 
in the univariate and the SUS-plot (the OPLS-DA model 
comparing AR and ANR was not analyzed due to the lack of 
significance and thus, invalid). These results agree with the 
report by El-Ansary (El-Ansary et al. 2011) in which they 
concluded that impaired fatty acid profiles could be used 
as highly reliable diagnostic biomarkers in a Saudi autistic 
cohort and may reflect mitochondrial dysfunction as a puta-
tive causative mechanism (Pastural et al. 2009).

Several sphingomyelins discriminated the ASD cohort 
(eTable 2) from the HCs in the predictive component. How-
ever, due to limitations in the MetaboAnalyst module, it was 
not possible to integrate them into their respective pathways. 
Nevertheless, an alteration in sphingolipid metabolism, in 
particular sphingomyelins, has been associated with autism 
and is due to an abnormal developmental trajectory of white 
matter (Barnea-Goraly et al. 2004; Mak-Fan et al. 2013; 
Wang et al. 2016). Nonetheless, we did not observe differ-
ences among the subgroups.

Overall, the pathway enrichment analysis showed sev-
eral routes modified in the ASD cohort compared with HCs. 
Nonetheless, when analyzing the subgroups, these routes 
were not maintained; the ANR group showed fewer changes. 
We speculate that differences in the AR group were strong 
enough to make significant differences in the ASD cohort 
and therefore these differences may be associated with the 
regression in the disease. However, we could not discard that 
some changes may be related to lifestyle (i.e., diet, physical 
activity, etc.) although we used a multivariate model which 
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helps to isolate the effect of features that are not related to 
the class studied (in this case, ASD or its subgroups).

The global approach that we developed in the present study 
seems to be very effective and provides broad coverage; how-
ever, it is important to address several limitations. Although 
it was possible to detect significant differences between the 
groups and using cross-validation methods in the multivari-
ate analysis, the sample size was small, and a larger number 
of subjects should be included in further studies to detect 
more subtle changes, particularly when comparing the AR 
and ANR subgroups. Differences between the univariate and 
multivariate analysis show slightly differences that might be 
due to the restrictive cutoffs utilized on each type of analysis, 
however, the use of both approaches help us to confirm some 
changes with confidence when they appear in both analyses.

Moreover, it is necessary to perform targeted analyses 
to make a proper quantification of the metabolites and their 
impact through the different metabolic pathways and to vali-
date these findings reported in an external cohort.

Our main interest is to continue this investigation includ-
ing data from the microbiome and additional food intake and 
lifestyle questionnaires to identify the changes relates to the 
latter or those linked to the disease or a specific phenotype. 
In the future, if a genetic or molecular profile in patients 
could be identified, patients could be stratified according to 
it and subsequently compared regarding cognitive, neuro-
imaging and biochemical measures to treat individuals with 
ASD more efficiently and with a more personalized approach 
(Howes et al. 2018).

5 � Conclusion

In summary, the use of an LC-MS platform approach, 
including C18 and HILIC columns, for metabolomics in 
ASD children using plasma appears to have a broad cover-
age of the metabolome and adds further support to previ-
ous findings in urine, such as changes in tryptophan and 
nicotinic acid metabolic pathway. Furthermore, the present 
study documents several changes related to amino acid, 
NAD+ and lipid metabolism in plasma. In some cases, such 
as in the arginine and the glutamate pathways and free fatty 
acids, alterations may be associated with mental regression 
in ASD. Further targeted analyses, including a systems biol-
ogy approach with the study of genome, transcriptome and 
the study of the microbiome, including a larger cohort are 
needed to validate the results presented herein. Research 
regarding potential mitochondrial dysfunction in a subset 
of ASD subjects is guarantee.
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