Supplementary Text

Supplementary Methods
Bioinformatics analysis 
Gene ontology (GO) analysis was performed using DAVID Bioinformatics resources 6.7 tools[1], the UniprotKB database[2, 3], Cytoscape[4], and BiNGO 2.4[5]. First, GO annotations of leading proteins in each group were extracted from DAVID tools and the UniprotKB database using IPI accession numbers and Uniprot accession numbers, respectively. Protein groups that had no GO classifications from DAVID tools or the UniprotKB database were subjected to BiNGO analysis using Cytoscape. Prior to the BiNGO analysis, the hypergeometric statistical test, Benjamini & Hochberg false discovery rate correction, multiple test correction, and Mus musculus proteome were set as the analysis parameters. BiNGO provides P-value statistics, based on the probability of the occurrence of genes/proteins in the defined ontological categories. For our analysis, the level of significance was set to P-value < 0.05. For our membrane proteome and N-glycoproteome, cellular components, molecular functions, and biological processes were analyzed separately. Consequently, the GO annotations of each protein group that were obtained using multiple tools were merged in Supplementary Tables S2-3.
Pathway analysis was performed using the KEGG (Kyoto Encyclopedia of Genes and Genomes) pathways database (http://www.genome.jp/kegg), PANTHER pathway database[6], and DAVID bioinformatics tools[1]. DAVID tools provided the corresponding information on P-value, count, percentage (%), and fold-enrichment for each KEGG and PANTHER pathway. The P-value was EASE score, a modified Fisher exact P-value, which reflects the probability that the uploaded protein list is associated with a specific KEGG and PANTHER pathway by random chance [7]. KEGG and PANTHER pathways with a P-value ≤ 0.05 were considered significantly enriched pathways.
	GPI-SOM[8] and pred-GPI[9] were used to predict GPI-anchoring signal sequences. By GPI-SOM analysis, proteins that contained both C- and N-terminal signal sequences were only accepted as GPI-anchored proteins. In the pred-GPI analysis, proteins with a highly probable or probable prediction accuracy (above 99.5% specificity) were only selected as GPI-anchored proteins. The TargetP 1.1 server [10] was used to predict secretory proteins among N-glycoproteins. Analysis was performed after setting for nonplant networks.

Validation of method by western blot
To validate the crude membrane fractionation methods, control samples and crude membrane fraction samples were prepared using the 4% SDS, KIT, and CM methods. Control samples were prepared in RIPA buffer (50 mM Tris-HCl pH 7.4, 1 mM EDTA, 150 mM NaCl, 10 mM sodium pyrophosphate, 10 mM NaF, 0.5% (v/v) NP-40, 1 mM PMSF, and a protease inhibitor cocktail). Samples, containing 10 g of protein, were separated by SDS-PAGE on 8% polyacrylamide gels and transferred to a PVDF membrane for western blot analysis. After being incubated for 2 hr with blocking solution [5% (w/v) BSA in TBS-T (0.05% (v/v) Tween 20 in Tris-buffered saline], the membrane was probed with the primary antibodies overnight at 4°C. After being washed 5 times with TBS-T, the membrane was incubated with horseradish peroxidase (HRP)-conjugated secondary antibody to mouse, goat, or rabbit (Santa Cruz Biotechnology, CA, USA), diluted in blocking solution (final concentration, 1:5000 g/mL) for 2 hr at room temperature. After every incubation step, the membranes were washed 5 times for 10 min each in TBS-T. 
Bands were developed with the ECL Plus western blot kit (GE Healthcare, Piscataway, NJ, USA). Western blots were visualized on an LAS-4000 mini luminescent image analyzer (Fuji film, Tokyo, Japan). The following primary antibodies were used: Integrin M (Santa Cruz Biotechnology, sc-6614, 1:1000), CD68 (Santa Cruz Biotechnology, sc-9139, 1:1000), P2X4 (Santa Cruz Biotechnology, sc-28764, 1:1000), TLR2 (Santa Cruz Biotechnology, sc-10739, 1:500), TLR13 (Pierce, PA5-23107, 1:500), PKA I/ (Santa Cruz Biotechnology, sc-28893, 1:1000), STAT3 (Santa Cruz Biotechnology, sc-482, 1:1000), ACADVL (Santa Cruz Biotechnology, sc-376239, 1:1000), NAP-22 (Santa Cruz Biotechnology, sc-32837, 1:1000), filamin 3 (Santa Cruz Biotechnology, sc-376241, 1:1000), β-catenin (Santa Cruz Biotechnology, sc-7963, 1:1000), ABCC8 (Santa Cruz Biotechnology, sc-5789, 1:1000), and GAPDH (Santa Cruz Biotechnology, sc-25778, 1:1000). 
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Processing of N-glycoproteome data
For the WCC approach, the data were analyzed with MaxQuant, [11] specifying a false discovery rate of 1% at the peptide and modification site level. We identified 2751 redundant N-glycosites, corresponding to 440 unique glycoproteins, at an FDR < 1% (Table 1 and Supplementary Table S4-S5). Of 2751 N-glycosites, only N-glycosites with a localization probability of at least 0.75 were analyzed further, resulting in 2599 redundant N-glycosites. After a filtering step, the average localization probability of all identified sites was 0.991. Also, the average Andromeda score was 107.5, indicating that the peptide identification and localization of the modification in the peptide sequence at single-amino-acid resolution were unambiguous.
For the CMC approach, all MS/MS spectra from the LTQ Velos were searched using the Sorcerer-Sequest platform. First, spectra that contained at least 1 18O-deamidated asparagine were selected to remove nonglycosylated peptides. The results were also filtered using the PeptideProphet probability score [12] to establish N-glycopeptide datasets at an FDR < 1.0 %. An average PeptideProphet probability score of 0.92 was set as the threshold in all 8 technical replicates. Overall, we identified 14,121 redundant N-glycopeptides, corresponding to 1116 unique glycoproteins, at an FDR level < 1.0% (Supplementary Table S6-S7). Xcorr and deltaCN values of all identified N-glycopeptide with an FDR < 1% were 3.59 and 0.337, respectively. Also, the average PeptideProphet probability score of N-glycopeptides that were identified at an FDR < 1% was greater than 0.99, indicating the reliability of N-glycopeptide identification at the peptide level with an FDR < 1%.
Whereas FDR estimation at the modification site level and localization probability were used to assess modification sites in the WCC, data for CMC were processed at the peptide level, based on PeptideProphet probability using the Sorcerer-Sequest platform. Also, all CMC data were collected by low-resolution (LR) mass spectrometry (LTQ velos). These differences could have led to the improper localization of modification sites. To remove this ambiguity, we processed the data differently than for the WCC. 
First, a SEQUEST database search was carried out with a 1 Da precursor ion error tolerance to separate mass differences in 18O-deamidation (2.99 Da) accurately. Next, N-glycosylation motif information and accurate mass binning were used to validate peptides using PeptideProphet [12]. Then, the FDRs of all MS/MS spectra were estimated with the threshold of PeptideProphet probability that was calculated from the mayu module of Trans-Proteomic Pipeline (TPP), not with manually calculated thresholds. Finally, peptides that contained the canonical motif (N-!P-[S/T/rarely C]) were selected. Although the enrichment yield (57%) of the canonical motif (N-!P-[S/T/rarely C]), based on unique N-glycosites, was lower than that of N-glycopeptides (76.9%), the average SEQUSET scores (XCorr, deltaCN, and Spscore) of the final data were 3.59, 0.346, and 875, respectively. Also, the average PeptideProphet probability score and average percentage of matched experimental MS/MS fragments among the total theoretical fragment ions were 0.992 and 53.57%, indicating the reliability of N-glycopeptide identification by CMC.

Crude membrane fractionation and two-step digestion increase the depth of the membrane proteome
	Due to the low solubility of membrane proteins, their resistance to proteolysis, and poorly resolution of protein separation, the comprehensive analysis of membrane proteins has faced many technical challenges[13, 14], leading to inefficient digestion and decreased recovery of peptides, limiting the precision and confidence of protein identification[13, 14]. To overcome these hurdles and enhance the profiling coverage, we used a multiplex strategy as described above, comprising (1) 4 crude membrane fractionation methods, (2) multiple enzyme digestion, based on FASP (MED-FASP), and (3) inclusion of technical and biological replicates.
The competition of crude membrane fractionations was evaluated by comparing our fractionation methods with commercial kits and non-fractionation protocols. Thus, the results of our multiplex strategy with regard to membrane proteome coverage were estimated, based on the percentage of proteins that were identified as membrane proteins based on GO classification, and the prediction of TMDs in our data. Supplementary Tables S1-S3 shows the significant parameters for all experiments, such as the number of proteins that were annotated as membrane protein and the percentage of coverage.
	As shown in Supplementary Figure S3A and S3B, most identification was made with a combination of CM method 1 and MED_FASP (LysC/trypsin) in all biological sets. In 2 biological sets, CM method_1 and MED_FASP (LysC/trypsin) identified 3 times as many membrane proteins as in the whole-cell lysate control set (Supplementary Figure S3A and S3B). Particularly with regard to TMD-containing proteins, CM method 1 and MED_FASP (LysC/trypsin) identified 5 times as many proteins versus the control set. In addition, CM method 2 and MED_FASP (LysC/trypsin) identified twice as many membrane proteins over the control set. However, the combination of CM methods 1 and 2 and MED_FASP (trypsin/trypsin) identified a similar number of proteins versus the commercial kits (Supplementary Figure S3B). 
	The Venn diagrams in Supplementary Figure S3C show the overlap in membrane proteins and TMD-containing proteins between the 4 fractionation methods (CM method 1, CM method 2, KIT1, and KIT2), which were digested by single-FASP in all biological sets. In each biological set, 38% to 49% of membrane proteins overlapped, versus 37% to 53% of TMD-containing proteins, between the 4 fractionation methods, indicating that these methods provide complementary coverage and that their combination effects comprehensive coverage of the membrane proteome. 
	
Characterization of TMD-containing proteins and glycoproteins related to microglial physiology 
	We sorted TMD-containing proteins and N-glycoproproteins into functional categories using a literature search and the PANTHER protein class ontology database [6] (Supplementary Figure S8). A detailed list of functional protein classes of the TMD proteins and N-glycoproteins is provided in Table 2 and Supplementary Table S9.
Many microglial markers and their N-glycosylation sites were identified in our study, including CD11b, CD18, CD11c, CD34, CD45, CD68, F4/80 antigen, and Iba1. Also, several N-glycosylation sites in CD11b, CD18, CD11c, CD68, and F4/80 antigen were identified from the N-glycoproteome. Although the exact function and structure of glycosylation are unknown[15], lectin staining was used to identify microglia and traditional microglial markers, such as CD11b, CD18, and Iba1. Moreover, several membrane proteins that are significant in microglial function were identified in the membrane proteome and N-glycoproteome and categorized into 5 groups: ion channel, neurotransmitter receptor, neurohormone and neuromodulator receptors, TLRs, and other receptor systems. Fifty-three membrane proteins and 98 N-glycosites were included in protein groups that are linked to microglial functions in the brain (Table 2 and Supplementary Table S9). 
	In a functional catalog, based on the PANTHER database, 1617 of 2579 TMD-containing proteins were functionally annotated and sorted by P-value. The top 10 categories were identified: Transporter (P < 1.41x10-79), Other transporter (P < 3.9x10-36), Glycosyltransferase (P < 2.21x10-20), Cation transporter (P < 9.44x10-18), Membrane traffic protein (P < 1.68x10-12), SNARE protein (P < 3.7x10-12), Transferase (P < 9.2x10-11), ABC transporter (P < 5.03x10-10), Other receptor (P < 8.41x10-9), and Oxidoreductase (P < 3.86x10-8) (Supplementary Figure S8A). 
In addition, N-glycosylated proteins were functionally grouped into top 10 categories, ranked by P-value: other receptor (P < 1.06x10-15), Glycosyltransferase (P < 3.24x10-13), Transporter (P < 8.16x10-10), Glycosidase (P < 1.28x10-9), Cytokine receptor (P < 9.01x10-7), Hydrolase (P < 1.16x10-6), Receptor (P < 1.36x10-5), Cell adhesion molecule (P < 1.36x10-5), Ig receptor family member (P < 1.66x10-5), and other cell adhesion molecule (P < 2.31x10-5) (Supplementary Figure S8B). 
	Finally, the BV-2 membrane proteome and N-glycoproteome formed 7 major functional protein classes, according to our functional classification and literature search (Supplementary Figure S8C). The receptor and transporter groups made a larger contribution to the BV-2 membrane proteome, based on the numbers of proteins that were in these categories. The receptor group consists primarily of transmembrane receptors, TNF receptors, Ig receptors, and Toll-like receptors, indicating their significance in microglia, as previously described[15]. The representative proteins for each functional group were the interleukin receptor family, interferon receptor family for cytokine receptors, ADAM family for proteases, integrin family, CAM family for cell adhesion molecules, ABC transporter family, MDR transporter family, MRP transporter family for transporters, TRP family, BK channels, CLIC1 for ion channels, and beta-1,4-GalT family for proteases.

Detailed pathway information on the BV-2 membrane proteome
	Various signaling pathways that are related to microglial function were enriched in our analysis using the PANTHER pathway database (Supplementary table S11). For example, signaling pathways that are mediated by growth factors, such as EGF, FGF, and PDGF, have significant functions in microglial inflammatory responses[16, 17]. Moreover, many proteins were included in microglial activation and innate immune responses, including the integrin signaling pathway[18], chemokine and cytokine signaling pathway[19], cytoskeletal regulation by Rho GTPase[20], Toll-like receptor signaling pathway[21, 22], dopamine receptor-mediated signaling pathway [23, 24], and endothelin signaling pathway [25]. 
	TMD-containing proteins were significantly enriched in 3 signaling pathways: Notch signaling, Alzheimer disease-amyloid secretase, and dopamine receptor-mediated signaling. We noted 9 TMD-containing proteins that mediate Notch signaling: Aph1a, Aph1c, Adam10, Adam17, Ncstn, Notch2, Bptf, Rab30, and Psen2. Although Notch signaling mediates development in the brain, recent studies have suggested that it modulates the activation of microglial cells and microglia-mediated inflammatory responses[26-28]. 
Further, Adam9, Adam10, Adam17, Mapkapk2, Aph1a, Aph1c, App, Psen1, Psenen, Ncstn, and Cacnald were annotated with the amyloid secretase pathway in Alzheimer disease (Supplementary Table S11). Adam9, Adam10, and Adam17 possess alpha-secretase activity [29], whereas Aph1, Psen1, Psenen, and Ncstn form the gamma-secretase complex [30, 31]. Three proteases—alpha-secretase, beta-secretase, and gamma-secretase—process amyloid precursor proteins [32]. Unlike beta-secretase (BACE), which produces amyloid-beta that is assembled into senile plaques in the brains of Alzheimer disease patients’, sequential cleavage by alpha-secretase and gamma-secretase results in the formation of benign p3 fragments, which suppress amyloid-beta production [32]. Microglial alpha-secretase and gamma-secretase mediate immune responses that are linked to Alzheimer disease, such as phagocytosis, release of proinflammatory cytokines and chemokines, and clearance of amyloid beta [15, 32-34]. 
Adcy7, Clic4, Comt1, Comtd1, Epb4.1l2, Flna, Flnb, Gnai2, Maoa, Stx3, Vamp2, Vamp3, and Vamp8 were annotated with the dopamine receptor-mediated signaling pathway. Although dopamine and dopamine receptor-mediated signaling mediate various neuronal functions [24], recent studies have demonstrated that dopamine receptor in microglia facilitates chemotactic targeting and phagocytic activation that are associated with the pathogenic mechanisms of Parkinson disease [35]. 

Membrane proteome and N-glycoproteome in Toll-like receptor-mediated signaling pathways
To examine the immunological function of membrane proteins and N-glycosylation that we identified, we focused on Toll-like receptor (TLR)-mediated signaling, based on the results of the bioinformatics analysis. The TLR family is a major class of pathogen-associated molecular pattern (PAMP) recognition receptors (PRRs) that trigger and tailor innate and subsequent adaptive immune responses [36, 37]. Based on sequence homology, vertebrate TLRs are grouped into 6 major families: TLR1/2/6/10, TLR3, TLR4, TLR5, TLR7/8/9, and TLR11/12/13/21/22/23 [38]. 
Of the TLRs that were identified in our study, TLR2, in heteromeric association with TLR1 or TLR6, conveys signals to bacterial lipopeptides and peptidoglycan [39, 40]. TLR3 recognizes double-stranded RNA, which is associated with viral infection. TLR4 is activated by lipopolysaccharide (LPS), found in most gram-negative bacterial strains. TLR7 and TLR8 are sensors of virus-specific single-stranded RNA in endosomes, and TLR9 mediates cellular responses to bacterial and viral unmethylated CpG DNA [41]. The ligands of novel TLRs, such as Tlr13, have not been determined. 
Despite the wide range of ligands that are recognized by them, TLRs have a common structural framework, consisting of N-terminal ectodomains (ECDs), a single transmembrane helix, and a C-terminal cytoplasmic signaling domain, as shown in Supplementary Figure S9A [42, 43]. The ECDs of all TLRs typically contain 19-25 tandem copies of a motif, known as the leucine-rich repeat (LRR), which forms a horseshoe structure. In addition, TLR-ECDs are heavily glycosylated and constructed of structures that cap the N- and C-terminal ends, known as the LRR-NT and LRR-CT motifs, respectively [43]. The C-terminal cytoplasmic signaling domain is known as the Toll IL-1 receptor (TIR) domain [44]. Although recent structural studies of TLRs have demonstrated that the structure and mode of TLR-ligand interactions is reciprocally similar, the ECDs of vertebrate TLRs vary in the numbers of LRRs that they contain and the extent of N-linked glycosylation, indicating that the number of LRR motifs and their N-glycosylation are important factors in ligand binding. In particular, N-glycosylation could modulate the surface properties of ECDs that recognize ligands, affecting ligand binding. 
To date, 13 TLRs have been identified in human and mouse, except for TLR10, which is expressed only in human [19, 45, 46]. Of the proteins in the mouse TLR family, Tlr1, Tlr2, Tlr4, Tlr7, Tlr9, and Tlr13 were detected in our crude membrane proteome. In addition, numerous N-glycosites in Tlr1, Tlr4, Tlr7, Tlr9, and Tlr13 were identified in our N-glycoproteome. As shown in Supplementary Figure S9B, many N-glycosylation sites of TLRs have not been reported in existing databases or the literature. 
To examine the function of the N-glycosylated sites in our data, we predicted the localization of N-glycosylated asparagine in TLRs using sequence alignment, the Uniprot database [2], and the SMART server [47]. As expected, most N-glycosylation sites in TLRs lay in the LRR motif in ECDs (Supplementary Figures S9A and B), consistent with other structural studies. For example, 14 N-glycosylation sites were newly identified in Tlr13 in our study, 12 of which resided in LRR motifs; N93 and N742 were located in the LRR-NT and LRR-CT motifs, respectively (Supplementary Figure S9A). We presume that novel N-glycosylation sites in TLRs govern ligand recognition and regulate TLR-mediated signaling events. 
Next, to determine whether our crude membrane proteome and N-glycoproteome were preferentially enriched in TLR-mediated signaling components, we constructed an interaction network of TLR pathways using InnateDB [48] and GO annotation for cellular localization (Supplementary Figure S9C). Typical TLRs are coupled to the MyD88-dependent pathway, involving the early phase of NF-κB activation, or MyD88-independent pathway, which regulates interferon regulatory factor IRF3 and the late phase of NF-κB activation, resulting in the production of proinflammatory cytokines and chemokines through the transregulation of various genes [15, 39, 49]. Several proteins and N-glycosylation sites in TLR-mediated signaling were identified in our study. Notably, the interaction map showed many nuclear proteins that interacted with membrane proteins directly or indirectly. 
As discussed, TLRs control microglial activation and microglia-mediated immune responses in the brain. For example, TLR2 is important for microglial activation following damage to sensory neurons [45]. Several TLR3 and TLR4 knockdown and knockout experiments have indicated that TLR3- and TLR4-mediated responses mediate microglial activation [15, 22]. In murine microglia, TLR 9 responds to unmethylated CpG-DNA by effecting the secretion of proinflammatory cytokines, the upregulation of costimulatory cell surface molecules, and the promotion of adaptive activation through IL-12 secretion to direct T cell activation [50]. 
TLRs also regulate microglial apoptosis following pathological activation in the brain. Recent studies have noted that TLR2 and TLR4 trigger microglial apoptosis through distinct apoptotic pathways [51]. Thus, it is possible that TLR-regulated microglial cell death is an intrinsic mechanism that prevents the overactivation of microglia [15, 22]. In addition, numerous studies have demonstrated the significance of microglial TLRs in various CNS diseases, including infection, trauma, stroke, neurodegeneration, and autoimmunity. Particularly, TLRs in the CNS are linked to neurodegenerative diseases, such as Alzheimer disease, multiple sclerosis, Parkinson disease, and ALS [22]. For example, in Alzheimer disease, the direct link between neurodegenerative processes and microglial TLRs were established. Microglia responded to fibrillar Aβ through the co-receptor CD14, which functions with TLR4 and TLR2 to bind fibrillar Aβ and induce microglial activation through p38 MAPK [21]. Also, Aβ initiates the inflammatory response in microglia through the assembly of TLR4-TLR6 heterodimers, which is regulated by CD36 [52]. Other TLRs, such as TLR7 and TLR9, regulate microglial responses, which mediate brain inflammation and neurodegenerative diseases [53]. 
Thus, our identification of proteins and their N-glycosylation sites, especially in TLR signaling, allows one to construct a network of TLR signaling circuitry during immune responses and neurodegenerative processes that are mediated by microglia.








Supplementary Table Legends

Supplementary Table S1. Summary of crude membrane proteome of microglia BV-2 cells. Information on mass spectrometric analysis of 2 biological sets is provided. Information on transmembrane domain (TMD) prediction and GPI anchor prediction is provided, as are inform GO annotation data using the DAVID tool, UniprotKB database, and Cytoscape. Peptide spectrum match (PSM), unique peptide, protein group, average of absolute mass deviation, and mass standard deviation are listed by experimental scheme. 

Supplementray Table S2. Proteins identified in biological set 1.
Complete list of protein groups identified in biological set 1 is shown. Leading proteins in the corresponding protein groups are also shown. List includes IPI accession number, Uniprot accession number, gene symbol, and protein name of each identified protein group. Search results from the Maxquant program-Andromeda engine are also shown. Information on transmembrane domain (TMD) prediction and GPI anchor prediction is provided, as are inform GO annotation data using the DAVID tool, UniprotKB database, and Cytoscape.

Supplementary Table S3. Proteins identified in biological set 2.
Complete list of protein groups identified in biological set 2 is shown. Leading proteins in the corresponding protein groups are also listed. List includes IPI accession number, Uniprot accession number, gene symbol, and protein name of each identified protein group. Search results from the Maxquant program-Andromeda engine are also shown. Data for transmembrane domain prediction and GPI anchor prediction are provided, as is information on GO annotation using the DAVID tool, UniprotKB database, and Cytoscape.

Supplementary Table S4. N-glycoproteome by WCC at FDR < 1%.
All identified N-glycosites by WCC at an FDR < 1% are listed. Search results derived from Maxquant-Andromeda are provided. 

Supplementary Table S5. N-glycosylation sites containing N!P-[S/T/rarely C] motif by WCC.
All identified N-glycosites containing the N!P-[S/T/rarely C] motif by WCC are listed. Search results derived from Maxquant-Andromeda are provided.

Supplementary Table S6. N-glycoproteome by CMC at FDR < 1%.
All identified N-glycopeptides by CMC at an FDR < 1% are listed. Search results derived from Sequest-TPP are provided. In addition, sequence analysis was performed to examine the NxSTC motif. 

Supplementary Table S7. N-glycosylated peptides containing N!P-[S/T/rarely C] motif by CMC.
All identified N-glycopeptides containing the N!P-[S/T/rarely C] motif in CMC are listed. Search results derived from Sequest-TPP are provided.

Supplementary Table S8. Unique N-glycosylation sites.
Unique N-glycosylation sites identified by WCC and CMC are listed. N-glycosites identified from both WCC and CMC are shown as the overlapping portion. Transmembrane domain prediction and GO annotation of identified glycoproteins are provided. In addition, results of the comparison analysis with UniprotDB and PHOSIDA are shown. Compared with UniprotDB, N-glycosylation sites identified only in our data are listed as "new." Among "new" N-glycosylation sites, we excluded N-glycosites annotated as "By similarity." ND: not detected.

Supplementary Table S9. PANTHER molecular function analysis.
Three groups of the proteome—crude membrane proteome, TMD-containing proteome, and N-glycoproteome—were subjected to PANTHER molecular function analysis. Information on molecular function terms and enrichment statistics is provided.

Supplementary Table S10. KEGG pathway analysis.
Three groups of the proteome—crude membrane proteome, TMD-containing proteome, and N-glycoproteome—were subjected to KEGG pathway analysis. Information on pathway terms and enrichment statistics is provided.

Supplementary Table S11. PANTHER pathway analysis.
Three groups of the proteome—crude membrane proteome, TMD-containing proteome, and N-glycoproteome—were subjected to PANTHER pathway analysis. Information on pathway terms and enrichment statistics is provided.
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