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Autism spectrum disorder (ASD) comprises a group of neurodevelopmental disorders whose etiology and pathogenesis are not fully understood. To gain insight into the molecular basis of ASD, we performed comparative integrated proteomic and metabolomic analyses of urine samples from children diagnosed with ASD and healthy children. All 160 samples underwent proteomics analysis and 60 were analyzed by liquid chromatography-mass spectrometry to obtain metabolite profiles. We identified 77 differentially expressed proteins (DEPs; 21 downregulated and 56 upregulated) and 277 differentially expressed metabolites; 31 of the DEPs including glutathione, leukocyte antigens, glycoproteins, neural adhesion factors, and immunoglobulins, have been implicated in neuroinflammation. The proteomic analysis also revealed 8 signaling pathways that were significantly dysregulated in ASD patients; 3 of these (transendothelial leukocyte migration, antigen processing and presentation, and graft vs. host disease) were associated with the neuroimmune response. The metabolism of tryptophan, which is also related to the neuroimmune response, has been found to play a potential role in ASD. Integrated proteome and metabolome analysis showed that 6 signaling pathways were significantly enriched in ASD patients, 3 of which were correlated with impaired neuroinflammation (glutathione metabolism, metabolism of xenobiotics by cytochrome P450 and transendothelial migration of leukocyte). We also found a correlation between prostaglandin (PG) E2 levels and the inflammatory response in ASD. These results underscore the prominent role of the neuroimmune response in ASD and provide potential biomarkers that can be used for diagnosis or as targets for early intervention.
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INTRODUCTION

Autism spectrum disorder (ASD) comprises a group of neurodevelopmental disorders clinically characterized by deficits in social interaction and communication, and stereotyped behaviors (1). The prevalence of ASD in the United States increased from 0.67% in 2000 to 1.85% in 2016 (2); in China, the prevalence is 7 in 1,000 (3). The etiology of ASD involves a combination of genetic, epigenetic, and environmental factors and is not fully understood.

Immune system dysregulation is a risk factor for the development and progression of ASD (4, 5), as evidenced by an aberrant cytokine response, abnormal numbers of immune cells, neuroinflammation, dysfunction of the adaptive and innate immune systems, and altered immunoglobulin levels in individuals with ASD. The pro-inflammatory factor Osteopontin (OPN) was found to be upregulated in ASD patients, which was significantly correlated with autism severity (6). In addition, children with ASD may present with several distinct immune subphenotypes that are correlated with the degree of behavioral impairment (7). Maternal immune activation—especially involving interleukin (IL)-17—was found to be a major contributor to neurodevelopmental abnormalities in a mouse model of ASD (8). These findings suggest a close association between neuroinflammation and ASD pathogenesis. On the other hand, the behavioral symptoms of children with ASD were shown to improve with fever (9), implying that inflammation has a beneficial role in ASD. Thus, the relationship between neuroinflammation and ASD remains to be elucidated.

High-throughput -omics technologies have provided molecular-level insights into normal physiology as well as into disease states, including ASD. Proteomic analysis revealed 41 proteins related to endoplasmic reticulum stress, unfolded protein response, acute-phase response, inflammatory response, and endocytosis with altered levels in peripheral blood mononuclear cells of patients with ASD compared with the control subjects (10). Using a proteomic approach, another study identified 2 brain regions with dysregulated glutamate receptor signaling, glutathione (GSH)-mediated detoxification, and fatty acid oxidation in children with ASD (11). Metabolomic studies have shown that the levels of metabolites associated with abnormal amino acid metabolism, oxidative stress, and gut microbiome were altered in children with ASD (12, 13). It was recently reported that 3 metabolic pathways (pyrimidine, ubiquinone, and vitamin K metabolism) were perturbed in children with ASD, with a panel of central nervous system biomarkers (9-hexadecenoylcarnitine [C16:1] and phosphatidylcholine [PC ae-C36:1]) found by metabolomic analysis (14). Integrated analyses of -omics data have identified potential biomarkers and revealed their interrelationships (15–18). However, to date, there have been no studies that have applied a combination of metabolomic and proteomic approaches to the investigation of ASD etiology.

In this study, we performed comparative proteomic and metabolic profiling of urine samples from children with ASD and normal children in order to investigate the contribution of neuroinflammatory mechanisms to ASD pathogenesis. Our results provide insight into the molecular basis of ASD and biomarkers that can support diagnosis or serve as targets for therapeutic interventions.



MATERIALS AND METHODS


Ethics Approval

This study was conducted in accordance with the 1965 Declaration of Helsinki and its later amendments. The study protocol was approved by the Ethics Committee of Tongji Medical College, Huazhong University of Science and Technology (Hubei, China) (approval no: IORG0003571). Written, informed consent was obtained from the parents of participants.



Study Participants and Sample Collection

A total of 160 Chinese children including 80 with ASD and 80 with typical development (TD), were enrolled in the study. Children with ASD (age range: 2–7 years old) without other systematic diseases or neurodevelopmental disorders were recruited from Xiamen Women and Children's Hospital, Xiamen, Fujian, China and evaluated by a neuropsychiatrist specializing in autism. The diagnosis of ASD was made based on the Diagnostic and Statistical Manual of Mental Disorders, 5th Edition (19). Gender- and age-matched children with TD were recruited from schools in Xiamen.

Midstream urine samples (50 ml) were collected in sterile tubes in the morning and immediately placed on dry ice to prevent bacterial growth. After thawing for 30 min at room temperature, the samples were centrifuged at 3,000 × g for 15 min at 4°C and stored at−80°C until use.



Capillary Flow Data-Independent Acquisition–Based Proteomic Analysis

A 5-ml urine sample was obtained from each participant and 10 samples were combined for proteomic analysis. A total of 16 pooled samples (8 each from patients with ASD and subjects with TD) were analyzed.

DIA proteomic analysis was carried out as described previously (20–22). High-pH reverse-phase separation was conducted using a liquid-phase system (LC-20AB; Shimadzu, Tokyo, Japan). The elution peak was monitored at 214 nm and one component was collected every minute. The sample was combined with the elution peak of the chromatogram to obtain 10 components and then freeze-dried.

Dried peptide samples were reconstituted and centrifuged and then separated using an ultrahigh-pressure liquid chromatography (UPLC) system (Ultimate 3000; Thermo Fisher Scientific, Waltham, MA, USA). Peptides were separated with mobile phase A (2% acetonitrile+0.1% formic acid) and mobile phase B (98% acetonitrile+0.1% formic acid) at a flow rate of 500 nl/min using the following program: 5% phase B for the first 5 min, phase B (5–35%) from 5 to 160 min, phase B (35–80%) from 160 to 170 min, 80% phase B from 170 to 175 min, and 5% phase B in the final 5 min. The peptides separated by the liquid phase were sprayed through a nano-electrospray ionization source into a tandem mass spectrometer (Q Exactive HF; Thermo Fisher Scientific) for data-dependent acquisition (DDA) and DIA analyses.

For DIA on the Q Exactive HF system, the detection parameters were set at a resolution of 30,000, automatic gain control target of 1e5, the scan range of 350–1,500 m/z, loop count of 50, automatic maximum inject time, and filter dynamic exclusion duration of 30 s. DDA data were identified using MaxQuant v1.5.3.30. Spectronaut™ v11.0 (Biognosys, Zurich, Switzerland) was used to construct a spectral library. Peptide/protein entries with a false discovery rate (FDR) ≤ 1% were used to construct the final spectral library. Data were reviewed based on the UniProtKB/SwissProt Homo sapiens proteome database. The R package MSstats (www.bioconductor.org/packages/release/bioc/html/MSstats.html) was used to screen differentially expressed proteins (DEPs) according to a fold change ≥ 2 or ≤ 0.83 and p < 0.05.

To identify the signaling networks altered in ASD, the DEPs identified in the present study were subjected to functional analysis using Database for Annotation, Visualization, and Integrated Discovery (david.ncifcrf.gov/). The Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) databases were used to search for categories and pathways.



Metabolite Profiling

A total of 60 urine samples (30 individual ASD samples and TD samples) were used for metabolic analysis, which was performed as described previously (23–25). Urine samples were slowly thawed at 4°C, and 100 μl of the sample was combined with 300 μl of precooled methanol and mixed by vortexing for 1 min. The mixture was stored at −20°C for 2 h and then centrifuged at 4,000 × g at 4°C for 30 min. A 250-μl aliquot of supernatant from each sample was set aside for liquid chromatography-tandem mass spectrometry (LC-MS/MS) analysis. A quality control (QC) sample was prepared by mixing equal volumes of each sample.

A UPLC system (2777C; Waters, Milford, MA, USA) equipped with an Acquity UPLC HSS T3 column (100 × 2.1 mm, 1.8 μm; Waters) was used to separate urine metabolites. Mobile phase A was water and 0.1% formic acid, while mobile phase B was acetonitrile and 0.1% formic acid. The gradient elution program was as follows: 0–1 min, 99% A; 1–3 min, 85–99% A; 3–6 min, 50–85% A; 6–9 min, 50–95% A; 9–10 min, 5% A; and 10–12 min, 1% A. The injection volume for each sample was 10 μl, and the flow rate was set to 0.4 ml/min.

A high-resolution tandem mass spectrometer (Xevo G2 XS QTOF; Waters) was used to detect metabolites. Samples were analyzed in positive and negative ion modes. The capillary voltage and sampling cone voltage were set to 3.0 kV and 40.0 V, respectively, in positive ion mode and to 2.0 kV and 40.0 V, respectively, in negative ion mode. The time-of-flight mass range was from 50 to 1,200 Da and the scan time was 0.2 s. For MS/MS detection, all the precursors were fragmented using 20–40 eV with a scan time of 0.2 s. To evaluate the stability of the LC-MS/MS system during acquisition, a QC sample was obtained every 10 samples.

For metabolomic analysis, raw data files were created using Progenesis QI v2.2 software (Waters) for peak alignment and selection. Data were normalized with the projected quasi-Newton method (26), and low-quality ions with relative standard deviation (RSD) > 30% were filtered out. p-values were adjusted with the Benjamini–Hochberg method for multiple hypothesis testing, and the FDR was limited to 0.05.

Metabolomic data were mean-centered, pareto-scaled, and analyzed by principal component analysis (PCA) and partial least squares discriminant analysis (PLS-DA). The quality of the models was evaluated with the relevant R2 and Q2 values (27). The variable influence in projection (VIP) value in the PLS-DA model was calculated to determine its contribution to the classification. Metabolites with VIP > 1.0 were evaluated with the Student's t-test at the univariate level to determine the significance of each metabolite. A corrected P-value (q value) < 0.05 was considered statistically significant. Log2 fold change was used to determine how the selected metabolites differed between the ASD and TD groups.

The Human Metabolome Database and KEGG database were used to confirm candidate differentially expressed metabolites (DEMs). Pathway analyses of DEMs were performed with MetaboAnalyst v5.0 (www.metaboanalyst.ca) (28).



Integrated Proteomic and Metabolomic Data Analyses

MetaboAnalyst v5.0 was used to perform integrated pathway analyses of DEPs and DEMs (29). To integrate the pathway data, DEPs and DEMs were simultaneously projected into pathways in the KEGG database.



Statistical Analyses

Statistical analyses were carried out using SPSS v19.0 (IBM, Armonk, NY, USA). Data are reported as the mean ± SD. Normally distributed data were analyzed with the Student's t-test to assess the significance of differences between the ASD and TD groups. A p < 0.05 was considered statistically significant.




RESULTS


Demographics of the Study Population

The study population comprised 80 children with ASD and 80 with TD. The demographic characteristics of the participants are presented in Table 1. There was no significant difference in age or sex ratio between groups (P > 0.05).


Table 1. Demographic information of ASD group and TD group.
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Proteomic Profiling

A total of 2,700 proteins were identified using a DIA-based proteomic method. There were 77 DEPs (56 upregulated and 21 downregulated) between the ASD and TD groups (Table 2 and Supplementary Figure 1). Of these, 31 (40%) were associated with neuroinflammation (Figure 1), including 26 that were upregulated and 5 that were downregulated in the ASD group compared with the TD group. Immunoglobulins accounted for the largest proportion of these proteins; the remaining proteins were neural adhesion factors, glycoproteins, leukocyte antigens, and GSH.


Table 2. List of differentially expressed proteins.

[image: Table 2]


[image: Figure 1]
FIGURE 1. The DEPs involved in neuroinflammation.




Protein Enrichment Analysis

We performed a functional enrichment analysis of DEPs and identified significantly enriched terms (Figure 2). There were 16, 28, and 131 significant terms in the GO categories of cellular component, molecular function, and biological process, respectively (P < 0.05). The most enriched terms in the cellular component category were secretory vesicle and secretory granule, whereas the most enriched molecular function term was molecular function regulator. The top-ranked enriched terms in the biological process category were multicellular organism process, developmental process, anatomical structure development, multicellular organism development, and immune system process. Among the significantly enriched biological process terms, 38 were related to immune response (Supplementary Table 1) including immune system process, immune response, and immune effector process, among others.


[image: Figure 2]
FIGURE 2. Significantly enriched GO terms based on DEPs.


The KEGG pathways associated with the DEPs identified in the ASD group are shown in Figure 3. In total, eight pathways were significantly enriched including starch and sucrose metabolism, carbohydrate digestion and absorption, taste transduction, glycosaminoglycan degradation, leukocyte transendothelial migration, antigen processing and presentation, graft-vs. -host disease, and neuroactive ligand-receptor interaction (Figure 3A and Table 3). Notably, 3 of the 8 pathways (leukocyte transendothelial migration, antigen processing and presentation, and graft-vs. -host disease) were associated with the immune response. In addition, the expression of DEPs related to starch and sucrose metabolism and carbohydrate digestion and absorption was decreased whereas that of DEPs involved in taste transduction, antigen processing and presentation, graft-vs.-host disease, and neuroactive ligand-receptor interaction was increased (Figure 3B).


[image: Figure 3]
FIGURE 3. The KEGG pathway enrichment analysis of the differentially expressed proteins. A two-tailed Fisher's exact test to test the enrichment of the differentially expressed protein. (A) Significantly enriched KEGG pathway; (B) Mapped differential expressed proteins number of KEGG pathway.



Table 3. The significantly enriched KEGG pathways of DEPs.
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Metabolomic Analysis

We detected 7,667 and 9,837 features in positive and negative ion modes, respectively. The number of features in QC samples with RSD ≤ 30% was 6,674 in positive ion mode and 8,202 in negative ion mode (87.05 and 83.38%, respectively). The results of PCA showed that the pooled QC sample was clustered in positive and negative ion modes (Supplementary Figure 2). The PLS-DA revealed a significant difference between the ASD and TD groups (Figure 4). The reliability of the PLS-DA model was assessed by monitoring the goodness of fit (R2) and predictive ability (Q2), which were 0.811 and 0.468, respectively, in positive ion mode and 0.799 and 0.420, respectively, in negative ion mode. These results suggested that the stability and reproducibility of the models were sufficient to resolve DEMs between children with ASD and TD.


[image: Figure 4]
FIGURE 4. The PLS-DA score plots from ASD case (red) and TD control (green) in positive ion mode (A) and negative ion mode (B).


A total of 168 metabolites were differentially expressed (VIP ≥ 1.0 and q < 0.05) in positive ion mode (Supplementary Table 2) including 105 that were upregulated and 63 that were downregulated in the ASD group compared to the TD group. In negative ion mode, 109 metabolites were significantly altered (VIP ≥ 1.0 and q < 0.05) including 73 that were upregulated and 36 that were downregulated in the ASD group compared to the TD group (Supplementary Table 3).



Metabolite Enrichment Analysis

We examined pathways corresponding to significantly altered metabolites in ASD using MetaboAnalyst according to FDR < 0.05 and an impact value >0.1. Four processes—namely, phenylalanine metabolism, vitamin B6 metabolism, tryptophan metabolism, and pentose and glucuronate interconversions—were markedly enriched in positive ion mode in the ASD group compared with the TD group (Figure 5A). Only 1 pathway, pentose and glucuronate interconversions, was significantly enriched in negative ion mode (Figure 5B).


[image: Figure 5]
FIGURE 5. Functional classification of differentially accumulated metabolites between ASD and TD groups in positive ion mode (A) and negative ion mode (B). The “metabolome view” shows the pathway impact on the X-axis vs. the negative log (P-value) on the Y-axis for the metabolic pathways. The pathways that were most significantly changed are characterized by both a high-log (P) value and a high-impact value (top right region).




Integrated Analysis of Proteome and Metabolome Data

To examine global changes in protein and metabolite profiles between the ASD and TD groups, we mapped DEPs and DEMs and extracted pathways containing both proteins and metabolites using the “Joint Pathway Analysis” tool in MetaboAnalyst v5.0. The Venn diagram revealed 31 metabolic pathways in positive ion mode and 24 in negative ion mode that were associated with the DEPs and DEMs (Figure 6). Integrated proteomic and metabolomic analyses showed 6 altered pathways in the ASD group compared with the TD group including GSH metabolism, glycolysis or gluconeogenesis, metabolism of xenobiotics by cytochrome P450, glycosaminoglycan degradation, starch and sucrose metabolism, and leukocyte transendothelial migration (Figure 7). Three of these pathways were correlated with dysregulation of neuroinflammation—namely, GSH metabolism, metabolism of xenobiotics by cytochrome P450, and leukocyte transendothelial migration.


[image: Figure 6]
FIGURE 6. The Venn diagram of the pathway in which differentially expressed proteins and metabolites were involved. (A) Differentially expressed proteins vs. metabolites in positive ion mode; (B) Differentially expressed proteins vs. metabolites in negative ion mode.



[image: Figure 7]
FIGURE 7. Integrated pathway analysis of proteins and metabolites differentially regulated between ASD and TD groups in positive ion mode (A) and negative ion mode (B).





DISCUSSION

This study investigated the molecular basis of ASD pathogenesis with a combined proteomic and metabolomic approach. Immune dysfunction is thought to be involved in the etiology of ASD (4, 5). In this study, 40% of DEPs identified by the proteomic analysis were related to neuroinflammation and 3 associated protein pathways were related to the immune response. In the integrated proteomics and metabolomics analysis, 3 pathways were found to be correlated with dysregulation of neuroinflammation. These results provide theoretical evidence of the role of neuroinflammation in ASD pathology.

Children with ASD often exhibit abnormal redox signaling, especially in GSH metabolism (30). Synergistic and antagonistic interactions between glutamate and GSH can result in neuronal dysfunction. Chen et al. (31) revealed that 18 oxidative stress-related markers were dysregulated in the blood of children with ASD. These 18 oxidative stress markers included glutathione metabolism, transmethylation cycle and trans-sulfuration pathways, vitamins, and trace elements. In this study, the integrated analysis showed that GSH metabolism was significantly altered in ASD, which was accompanied by decreased expression of GSH S-transferase Mu 3 (GSTM3) and γ-glutamyltransferase 6 isoform (CGT6) in the ASD group. A previous study reported an imbalance in the GSH/GSH disulfide ratio and depletion of GSH in children with ASD, implying that the GSH system plays a protective role in this disorder (32). GSTM3 is an enzyme that detoxifies electrophilic compounds via the conjugation of GSH (33). The decrease in GSTM3 expression observed in the ASD group in our study suggests that the protective effect of GSH is diminished in ASD. Immune cell dysfunction can lead to the release of proinflammatory mediators such as cytokines, chemokines, and reactive oxygen species (ROS), which are thought to contribute to the pathogenesis of ASD (5, 34, 35). Some inflammatory cytokines and oxidative stress parameters were shown to be positively associated with impaired behavioral patterns in patients with ASD, indicating that antioxidants play an essential role in the modulation of inflammatory potential (36, 37).

Our results showed that OPN, interleukin (IL)-17B, and toll-like receptor 4 interactor with leucine-rich repeats precursor (TRIL) were upregulated in the ASD group. OPN is a proinflammatory cytokine that plays a key role in inflammation, biomineralization, cellular viability, cancer, and diabetes via distinct mechanisms (38). OPN can increase the secretion level of interleukin (IL)-10, interleukin (IL)-12, and nuclear factor (NF)-κB and stimulate IL-17 production, which was shown to be correlated with ASD severity (5). It was also reported that IL-17A/IL-17R activation plays an important role in autism through the upregulation of oxidative and inflammatory mediators (36). We, therefore, speculated that the increased expression of IL-17B in the ASD group resulted from the induction of OPN, which caused oxidative damage and neuroinflammation. In addition, ASD was shown to be associated with increased expression of toll-like receptor (TLR) 4 on T cells (39). TLRs contribute to the pathogenesis of ASD by triggering NADPH oxidase (NOX)-2–derived ROS. In this study, TRIL was upregulated in the ASD group; we speculate that its activation enhances the production of NOX-2–derived ROS.

Tryptophan metabolism is linked to inflammation, the immune response, and oxidative stress in neurovascular diseases (40). We observed that tryptophan metabolism was markedly altered in ASD, consistent with previous studies (41–43) and supporting the role of tryptophan metabolism in neuroinflammation in ASD. Tryptophan can be metabolized in the intestine to form indole and its derivatives that act as aryl hydrocarbon receptor (AhR) ligands and are regulated by proteins in the cytochrome p450 family. The cytochrome P450 metabolic pathway is involved in the etiology of ASD and CYP1B1 is a potential biomarker of the disorder (44). The alteration in the cytochrome P450 metabolic pathway detected in our integrated analysis may lead to changes in AhR signaling, which may in turn cause dysregulation of tryptophan metabolism and neuroimmune dysfunction leading to ASD.

We observed that an integrated pathway related to immune response—namely, leukocyte transendothelial migration—was significantly enriched in the ASD group. Leukocyte transendothelial migration involves the spatiotemporal regulation of adhesion molecules, chemokines, and cytoskeletal regulators and is essential for the innate and adaptive immune responses (45). Four of the DEPs identified in our analysis were related to leukocyte transendothelial migration including vinculin, vascular cell adhesion protein (VCAM)1, cadherin (CDH)5, and guanine nucleotide exchange factor VAV3 isoform 1 (VAV3). Cell adhesion molecules (CAMs) have been implicated in impaired social interaction and communication and stereotyped and repetitive behaviors that characterize ASD (46–48). The protein levels of 5 other adhesion molecules including neuregulin (NRG)3, neural cell adhesion molecule (NCAM)1, CD166 antigen isoform 1 precursor (ALCAM1), cadherin 16 isoform 1 precursor (CDH16), and macrophage migration inhibitory factor (MIF) were significantly altered in the ASD group compared with the TD group. MIF is an immunomodulatory cytokine that promotes inflammation and directional cell migration, inhibits apoptosis, induces the release of pro-inflammatory factors, and may contribute to ASD through the regulation of neuroinflammation (49). Plasma MIF concentration was found to be correlated with ASD severity and MIF may be a susceptibility gene in ASD (50). In addition, serum MIF levels were higher in patients with more severe ASD, and elevated MIF expression was positively correlated with ASD severity (51). In line with these earlier studies, we found that MIF expression was upregulated in children with ASD as compared with those with TD. Taken together, these data indicate that CAMs participate in the induction of neuroinflammation in ASD, although the significance of this effect on ASD development remains to be determined.

A total of 11 immunoglobulins showed significantly altered expression in the ASD group compared with the TD group, consistent with previous findings (52). Two of these immunoglobulins, HLA class I histocompatibility antigen (HLA-A) and zinc-alpha-2-glycoprotein precursor (AZGP1), are known to be involved in antigen processing and presentation, as well as graft-vs. -host disease and, are related to neuroinflammation. HLA is the expression product of the major histocompatibility complex (MHC) and participates in the immune response by presenting peptides derived from the endoplasmic reticulum lumen (53). When the blood–brain barrier is damaged, it is penetrated by immune cells in the peripheral circulation and interacts with glial cells and neurons expressing MHC, resulting in the persistence of the immune response, interfering with the normal development of the nervous system, and leading to ASD.

Prostaglandin E2 (PGE2), an arachidonic acid metabolite of the cyclooxygenase (COX) signaling, is an endogenous lipid molecule that plays a key role during early nervous system development, and PGE2 signaling has been an important factor in the correlation between oxidative stress and ASD (54). Evidence from other studies suggested the link between irregular COX2/PGE2 signaling and autism-related behaviors (55). In addition, PGE2 plays a key role in inflammation in Alzheimer's disease (AD) and shows increased expression in patients with AD compared with the normal subjects (56). In this study, we found that PGE2 was significantly upregulated in the ASD group by metabolomic analysis. Elevated PGE2 levels may also be linked to neuroinflammation in ASD.



CONCLUSION

We performed an integrated proteomic and metabolomic analysis to assess the role of neuroimmune responses in the development of ASD. Several metabolic pathways have been identified that may underlie ASD pathogenesis. As shown in Figure 8, oxidative stress may play a crucial role in the development of ASD by suppressing the protective effects of GSH, activating proinflammatory cytokines, and altering tryptophan metabolism. In addition, both the cell adhesion molecules and immunoglobulins can induce neuroinflammation in ASD. We also provide the first evidence of an association between PGE2 levels and inflammation in ASD. These results provide potential biomarkers that can be used for early ASD screening, risk stratification of patients with ASD, and the development of effective and targeted interventions.


[image: Figure 8]
FIGURE 8. The proposed scheme illustrates neuroinflammation correlated with ASD.
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Supplementary Figure 3. The QC analysis of the proteome. (A) within-group coefficient of variation; (B) Principal Component Analysis (PCA).
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