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Abstract
Background

Amyotrophic lateral sclerosis (ALS) is an irreversible fatal neurodegenerative disease with progressive paralysis of limbs and bulb in patients, the cause
of which remains unclear. Due to the highly heterogeneous and complex pathophysiology of the disease, there is currently no effective treatment to
retard the disease progression. Accumulating studies suggest that motor neuron degeneration is associated with systemic metabolic impairment in
ALS. However, the metabolic reprogramming and underlying mechanism in the longitudinal progression of the disease remain poorly understood.

Methods

Here, we applied unbiased LC-MS-based metabolomics to plasma, lumbar spinal cord, and motor cortex tissues from SOD1¢%3A mice and wildtype (WT)
littermates at different stages to explore the metabolic disturbance during disease progression. To elucidate the regulatory network underlying
metabolic changes, spinal cords from SOD1%%34 and WT mice in the symptomatic stage were further analyzed by proteomics.

Results

The results show that SOD193A mice presented marked dysregulations of lipid and purine metabolism in both plasma and spinal cord from the pre-
symptomatic stage. Furthermore, the metabolic abnormalities were much more pronounced in the symptomatic stage. By integrating metabolomics
and proteomics data, we demonstrated the importance of metabolic pathways in the tricarboxylic acid (TCA) cycle, arginine and proline metabolism,
and fatty acid degradation in the progression of ALS pathophysiology.

Conclusions

Notably, for the first time, we highlighted that metabolic dysregulation in purine metabolism might be a critical event in the preclinical phase of ALS.
The identified differential metabolites and proteins in our study complement existing data on metabolic reprogramming in ALS; the results from the
integrative analysis might provide novel perspectives for early diagnosis and therapeutic intervention of the disease.

Background

Amyotrophic lateral sclerosis (ALS) is a lethal neurodegenerative disease, characterized by progressive loss of upper and lower motor neurons [1-2].
The clinical presentation of ALS typically begins with weakness in one focused area and then spreads to multiple sites, including the bulbar, limb, and
thoracic muscles. Patients with ALS eventually die of respiratory failure after 2—5 years of evolution [3]. Due to the difference in the involvement of
upper and lower motor neurons, ALS patients usually present with different initial symptoms. The lack of effective biomarkers further makes it difficult
for clinicians to make a definitive diagnosis and provide timely interventions in the early stages of the disease [2-3].

It has been hypothesized that genetic mutations, glutamate excitotoxicity, neuroinflammation, protein misfolding, oxidative stress, and mitochondrial
dysfunction are implicated in the pathogenesis of ALS [2, 4]. However, the precise etiology and pathogenesis remain unknown. Omics technologies
such as metabolomics and proteomics have been widely used in recent decades as powerful tools for the discovery of novel biomarkers, identification
of therapeutic targets, and elucidation of the pathogenesis of diseases [5]. Many recent studies have found that metabolic abnormalities, particularly
defective energy and lipid metabolism, play important roles in the pathophysiology of ALS [6—-8]. Previous studies have reported that patients with ALS
had a lower body mass index, which was positively associated with ALS risk [9-10]. Reduced triacylglycerol levels were documented in the plasma and
cerebrospinal fluid of ALS patients, and elevated triglyceride level was found to be highly correlated with prolonged survival [11-12]. Abnormalities in
glucose utilization and adenosine 5-triphosphate (ATP) generation have been reported in the brain and spinal cords of both ALS patients and ALS mice
models, which may result in the impairment of mitochondria and motor neurons [13-14]. Sphingomyelins, ceramides, fatty acid metabolism, and
branched amino acid metabolism have also been found to be disrupted in ALS [15-18].

Nevertheless, the underlying mechanisms of the metabolic dysregulation in ALS remain unclear, and it may be the result of complex biochemical
regulation at multiple levels. The synthesis and degradation of metabolites are intricately linked to the catalyzation of enzymes and the regulation of
signaling pathways. Changes in the enzymes involved in energy metabolism in ALS were reported by a targeted proteomic study [19]. Combined
metabolomics and proteomics analysis may help to uncover the underlying biological relationships and improve understanding of the entire metabolic
network regulation and has been widely used to investigate neurodegenerative diseases recently [20]. The combination of metabolomics and
proteomics would aid in the identification of key metabolic drivers in disease development and could also assist in the understanding of the interaction
between disturbed metabolic pathways and pathophysiological changes [21-22]. However, there are few integrative studies on ALS. Furthermore, many
ALS studies are case-control studies that focused on molecular alterations in biofluids or tissues from patients or animal models, and studies of
longitudinal progression that monitored disease at multiple time points are rare.
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SOD1%9%A transgenic mice have been widely used as a model of ALS in preclinical studies, and they recapitulate the main symptoms of ALS, including
motor neuron degeneration and muscle denervation, eventually causing progressive paralysis and death [23]. In this study, we collected plasma, motor
cortex, and lumbar spinal cord from SOD1%93A mice and age-matched littermates at different stages for liquid chromatography-mass spectrometry (LC-
MS)-based untargeted metabolomic analysis. By investigating the metabolic differences between SOD1%93A mice and wildtype (WT) mice using
biostatistical and bioinformatic approaches, we aimed to uncover the metabolic signature associated with disease progression in various biological
samples. Furthermore, for the first time, we performed an integrative analysis of metabolomics and proteomics in the lumbar spinal cords of
symptomatic SOD1%%3A mice and their littermates. We attempted to identify the most critical metabolic pathways involved in ALS pathophysiological
changes and elucidate the regulation mechanism underlying the metabolic changes, which might provide new insights into ALS pathogenic
mechanisms.

Methods And Materials
Animals and sample collection

Transgenic SOD1%93A mice were originally purchased from Jackson Laboratory (B6SJL-Tg (SOD1*G93A) 1Gur/J, 002726). Breeding was maintained
by crossing SOD16%3A hemizygous males with WT B6SJL females. Polymerase chain reaction (PCR) was used for genotyping, as reported previously
[24]. The mice were housed in a pathogen-free room with a controlled temperature and humidity facility (12/12 h light/dark, lights on at 7:00 a.m.), and
fed with sterilized granular rodent food and sterile water. Because the spinal cord and motor cortex are two common lesion sites involved in ALS, we
collected the lumbar spinal cord, motor cortex, and blood from male and female SOD1%93A mice at 60 days (the pre-symptomatic stage) and 120 days
of age (the symptomatic stage) for metabolomics analysis. Age-matched WT littermates served as controls (Figure S1, Tables S1, and S2). Blood
samples were taken from the inner canthus with a glass capillary. Plasma was isolated using ethylene diamine tetraacetic acid as an anticoagulant. At
each time point, the SOD1%93A mice and their littermates were sacrificed, and the lumbar spinal cord and motor cortex were separated. All tissues and
plasma samples were immediately stored at - 80 °C until further analysis. All experiments were carried out following the guidelines of the Institutional
Animal Care and Use Committee. All procedures for animal experiments were approved by Dalian Medical University’s Ethics Committee.

Sample preparation for metabolomics analysis

Plasma samples were thawed on ice and pretreated according to our previous protocol [25-26]. Briefly, 60 L of plasma was deproteinized by adding
240 pL of methanol containing 14 internal standards (ISs, Table $3). The mixture was vortexed and centrifuged for 15 min (13,000 g, 4°C). Then, the
supernatant was divided into two aliquots and dried in a vacuum centrifugal concentrator (CentriVap, Labconco, USA). Before LC-MS analysis, the dried
powder was reconstituted with 60 pL of 25% (v/v) aqueous methanol. Additionally, QC samples were made by mixing 10 L of each plasma sample
and prepared as described above. Frozen lumbar spinal cord and motor cortex tissues (about 10 mg) were spiled with T mL methanol containing 11 ISs
(Table S4). The mixture was homogenized using a mixer mill (MM400, Retsch Technology, Germany), followed by centrifugation (13,000 g, 15 min,
4°C). The supernatant was divided into two aliquots and freeze-dried. The dried sample was reconstituted with 60 pL of 50% (v/v) aqueous methanol.
QC samples were prepared by pooling an equal volume of metabolite extracts from every tissue sample.

Sample preparation for proteomics analysis

The mouse spinal cords were lysed with a homogenizer and the proteins were extracted by precipitation. The protein pellets were resuspended in
digestion buffer (8 M Urea 50 mM NH,HCO4 pH 8.0) and the protein concentration was determined by BCA assay. The proteins were first reduced by
Tris (2-carboxyethyl) phosphine to open the disulfide linkages, followed by alkylation with lodoacetamide to block the thiols of cysteine. The proteins
were then digested by Lys-C at 37°C for 1 h with a ratio of 1:100 (enzyme: protein, w/w), and then the concentration of urea was diluted to 1 M by
adding 50 mM NH4HCO4 (pH 8.0). The proteins were further digested by adding trypsin with a ratio of 1:50 (enzyme: protein, w/w) at 37°C overnight.
The digestion was quenched by acidification and the samples were desalted by SPE columns.

Non-targeted LC-MS-based metabolomics analysis

LC-MS differentiation and detection of each metabolite were performed using Ultra-Performance Liquid Chromatography (Waters Corporation,
Manchester, UK) coupled with the Triple TOF™ 5600 PLUS (Applied Biosystems, Foster City, CA) mass spectrometry system. In positive ion mode, an
ACQUITY UPLC BEH C8 column (1.7 pm, 2.1 mm x 100 mm) was used for chromatographic separation. The mobile phases were 0.1% formic acid
aqueous solution and 0.1% formic acid acetonitrile. In negative ion mode, an ACQUITY UPLC HSS T3 column (1.8 pm, 2.1 mm x 100 mm) was used.
The mobile phases were water and 95% methanol (v/v) (both containing 6.5 mM NH4HCO3). The injection volume was 5 pL, and the column
temperature was set to 50 °C. The gradient elution profile and mass spectrometry parameters were set as previously described [25, 27]. In addition, IDA-
based auto-MS?2 was performed on the 15 most intense metabolite ions in a cycle of the full scan to acquire qualitative information for metabolite
identification. Data acquisition and instrument control were conducted using Analyst TF 1.7 software.

LC-MS/MS-based proteomics analysis

The protein digests were resuspended in Buffer A (0.1% formic acid in H,0) and analyzed by LC-MS/MS. All the proteomic data were collected by
Thermo Fusion Lumos mass spectrometry coupled with the Vanquish Flex HPLC system (ThermoFisher Scientific). About 1 pg protein digest was first
loaded onto a 5 cm x 150 um C18 trap column (5 um C18, SunChrom) with a flow rate of 5 uL/min. The peptides were separated by a 15 cm x 150 pm
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C18 capillary column (2.4 pm C18, Dr. Maisch) at a flow rate of 0.3 pL/min. The elution gradient was set from 5-32% Buffer B (0.1% formic acid in
acetonitrile) in 60 min. The eluted peptides were introduced into MS by electrospray ionization with a spray voltage of 2 kV. The MS was working in
positive mode. The MS1 spectra were collected by Orbitrap analyzer with a resolution of 120 K and a scan range of 300-1650 m/z. The MS2 spectra
were also collected in a data-dependent mode and top-speed manner (3 s). The precursor ions with a charge state of 2—5 were isolated by quadrupoles
with an isolation width of 1.6 m/z and then subjected to HCD with normalized energy of 30. The fragment ions were collected by Orbitrap analyzer with
a resolution of 15,000. Dynamic exclusion was enabled with an exclusion time of 60 s.

Raw data processing

The metabolomics raw data were imported into Marker View software (Version 1.2.1.1, Applied Biosystems) for peak detection and alignment.
Metabolites were annotated using an in-house database by comparison of the ion features in QC samples with the reference chemical standards using
0SI/SMMS software. [28]. MultiQuant software (version 2.1, Applied Biosystems) was used to integrate chromatographic peaks of the annotated
metabolites in tissue samples. The missing values were removed according to the 80% rule [29]. Before statistical analysis, the original peak area of
each retained peak was calibrated by ISs. For proteomics, the MS raw data were processed by Maxquant (version 1.6.7). The mouse proteome dataset
was downloaded from Uniprot for search. The protease was set as Trypsin with a max miss cleavage of 2. Label-free quantification was enabled. The
function of the match between runs was also enabled to increase the analysis depth. The other parameters were set as default values.

Statistical analysis

Multivariate analyses (PCA, PLS-DA, and OPLS-DA) were performed using SIMCA-P 14.1 software (Umetric AB, Umea, Sweden). The student’s t-test was
used to calculate the statistical difference (p< 0.05 is considered statistically significant). Online software MetaboAnalyst
(http://www.metaboanalyst.ca) was used for pathway enrichment analysis. Multi Experiment Viewer software (version 4.7.4) was used to construct the
heat map. The metabolic pathway was constructed according to the Kyoto Encyclopedia of Genes and Genomes (KEGG) database
(https://www.kegg.jp/). The NAguideR tool with the impseq approach (sequential imputation) was used to interpolate the missing values of the
proteomics data [30].

Functional enrichment and protein interaction network analysis

Gene ontology (GO) analysis and KEGG pathway analysis were performed using the Database for Annotation, Visualization and Integrated Discovery
(DAVID, http://david.abcce.nciferf.gov/) and KOBAS 3.0 databases (http://kobas.cbi.pku.edu.cn/kobas3/) online program. The Search Tool for the
Retrieval of Interacting Genes (STRING, https://cn.string-db.org/) was used for the protein-protein interaction (PPI) analysis, and the minimum required
interaction score was set as 0.4. Cytoscape 3.9.0 software (download from https://cytoscape.org/) was used to visualize the PPI network. Significant
modules in the PPI network were screened by the Molecular Complex Detection (MCODE) plugin. The criteria for selection were set as follows: MCODE
scores >3, number of nodes > 5, degree cut-off = 2, node score cut-off = 0.2, k-score = 2, and Max depth = 100. KEGG pathway enrichment analysis was
performed for proteins involved in these modules.

Results
Data quality assessment

After raw data processing and structure identification using our in-house metabolite database, 367 specific metabolites in plasma and 304 in tissue
samples were identified and used for the following statistical analysis. To evaluate the stability and repeatability of the analytical method, quality
control (QC) samples were constructed by pooling equal amounts of extracts from all plasma or tissue samples, and then aliquoted and analyzed every
10 sample runs. Univariate analysis of all annotated metabolites in QC samples showed that 99.73% and 94.08% of all identified metabolites had
relative standard deviation (RSD) values less than 30% in plasma and tissues, respectively (Figure S2A, 2D). Moreover, the principal component
analysis (PCA) scores plot showed that the QC samples clustered tightly, with the majority of samples falling within mean + 2 SD in the first principal
component direction (Figure S2B-C, E-F). These results demonstrate that the metabolomic data are reliable and robust.

The metabolic disturbance was more prominent in the symptomatic stage

To investigate the dynamic metabolic changes in the progression of ALS, SOD1%%3A mice at 60 and 120 days of age and age-matched WT mice were
studied by metabolomic assays. These time points correspond to the pre-symptomatic and symptomatic stages, respectively. At 60 days of age, there
were no obvious motor symptoms, and only mild pathological changes were noted in SOD1°93A mice [31]. At 120 days of age, all SOD1%93A mice
exhibited obvious motor symptoms and muscle denervation along with pathological changes [31]. Accordingly, the metabolic profiles of 60- and 120-
day-old SOD1%93A mice could fully reveal metabolic alterations under different pathological conditions of ALS. As shown in the orthogonal partial least-
squares discrimination analysis (OPLS-DA) scores plot, the metabolic signatures of both WT and SOD1%°3A mice at the symptomatic stage differed
from those at the pre-symptomatic stage. The metabolic discrepancy between WT and SOD1%93A mice was found to be more pronounced at the
symptomatic stage (120d) in plasma, spinal cord, and cortex (Fig. 1A-C), suggesting that metabolic alterations in the symptomatic stage were more
pronounced and complicated.
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When comparing symptomatic SOD193A mice with WT mice, 77 differentially expressed metabolites (DEMs) (p< 0.05, t-test; variable importance in
projection (VIP) >1) were found in the plasma (Fig. 1D). These DEMs were primarily lipids (about 66%), including the free fatty acid (FFA),
phosphatidylcholine (PC), lysophosphatidylcholine (LPC), phosphatidylethanolamine (PE), and phosphatidylethanolamine (LPE) families (Fig. 1E). The
rest of the DEMs were mainly amino acids (Fig. 1E). Apart from FFAs, we found that most lipids were reduced in SOD1%%3A mice. In addition, amino
acids, including lysine, arginine, proline, several amino acid derivatives, and myo-inositol also decreased in SOD1%934 mice (Fig. 1D). To identify the
relevant metabolic pathways that contributed to the pathophysiology of ALS, these DEMs were further subjected to pathway enrichment analysis. The
results show that the most significantly perturbed pathways in the symptomatic stage were linoleic acid and a-linolenic acid metabolism, cysteine and
methionine metabolism, arachidonic acid metabolism, and glycerophospholipid metabolism (Fig. 1F).

In the spinal cord, 47 metabolites (p< 0.05, t-test; VIP > 1) were found to be differentially expressed in SOD1%%3 mice (Fig. 2A-B). A heat map was
generated to better depict the DEMs levels in WT and SOD1%93A mice (Fig. 2C). In contrast with plasma, levels of differential lipids in the spinal cord
were elevated, except glycerol 3-phosphate, PC 36:2, and PC 40:6. Meanwhile, intermediate metabolites in glycolysis (glucose 6-phosphate and
fructose-1,6-bisphosphate) and cis-aconitic acid were found to be increased in SOD193A mice (Fig. 2C). Notably, we found a global reduction in purines
and purine derivatives (adenine, adenosine 5-monophosphate (AMP), guanosine 5-diphosphate (GDP), guanosine 3’,5-cyclic monophosphate (cGMP),
2-Deoxyguanosine 5-monophosphate (dGMP), and allantoic acid) in SOD193A mice (Fig. 2C). The pathway analysis also revealed that purine
metabolism, glycerophospholipid metabolism, and sphingolipid metabolism were the most significantly disturbed pathways in the spinal cord of

S0D1693A mice during the symptomatic stage (Fig. 2D).

In contrast with spinal cord, only 28 DEMs were screened in the motor cortex during the symptomatic stage (p< 0.05, t-test; VIP > 1, Figure S3A-C).
These DEMs were mainly involved in arachidonic acid metabolism, glutathione metabolism, starch and sucrose metabolism, and inositol phosphate
metabolism, among others (Figure S3D).

Metabolic disturbance in the pre-symptomatic stage

Since pre-symptomatic ALS is the best time for early intervention and treatment of the disease, we investigated whether pre-symptomatic ALS had
distinct metabolic profiles. Although the metabolic alterations in the pre-symptomatic stage (60d) were less prominent than those in the symptomatic
stage (120d), the partial least-squares discrimination analysis (PLS-DA) scores plot showed that there was still clear discrimination in the metabolic
profile of plasma between WT and SOD1%%3A mice (Fig. 3A). In total, 23 DEMs were screened (Table 1). In addition to a decrease in most lipids, such as
phospholipids, sphingolipids, and acyl-carnitines, a significant reduction in purine derivatives, such as AMP, adenosine 5-diphosphate (ADP), and dGMP,
were also noted in the plasma of SOD1%93A mice.

Table 1

Differential metabolites between WT and SOD1%%3A mice in plasma at the pre-symptomatic stage.
Metabolites WT_60  gop1693A 60 pvalue Metabolites WT_60 SOD16%3A 60 pvalue
13-Cis-acitretin 5.614 4929 0.045 LPC 17:0 sn-1 0.009 0.007 0.004
dGMP 0.052 0.025 0.037 LPC 0-18:0 0.012 0.011 0.035
N-formyl-L-methionine 0.007 0.004 0.012 Sphingosine-1-phosphate 0.121 0.109 0.037
AMP 0.157 0.099 0.045 8[RI-HETE 0.143 0.104 0.049
ADP 0.008 0.006 0.036 PC (33:1) 0.007 0.005 0.009
Carnitine C12:0 0.006 0.004 0.034 PC (33:2) 0.052 0.040 0.007
Carnitine C14:2 0.005 0.003 0.010 PC (31:0) 0.003 0.003 0.013
Carnitine C18:0 0.003 0.002 0.042 PE (38:3) 0.027 0.023 0.022
Cer(d18:1/24:1)-9a 0.001 0.001 0.039 PE (38:4) 0.024 0.020 0.005
Indolelactic acid 3.477 4212 0.030 SM (36:3) 0.002 0.001 0.037
Leucine 3.109 3.745 0.035 LPE 16:0 0.028 0.031 0.023
LPC 15:0 0.027 0.022 0.003 AMP 0.157 0.099 0.045
dGMP = 2"-Deoxyguanosine 5-monophosphate; AMP = Adenosine 5-monophosphate; ADP = Adenosine 5-diphosphate; Cer = Ceramides; LPC =
Lysophosphatidylcholine; PC = Phosphatidylcholine; PE = Phosphatidylethanolamine; SM = Sphingomyelin; LPE = Lysophosphatidylethanolamine;
AMP = Adenosine 5-monophosphate; 8[R]-HETE = 8(R)-Hydroxy-(5Z,9E,11Z,14Z)-eicosatetraenoic acid.

For tissues, a visible regional difference was observed between the spinal cord and the motor cortex. In addition, the metabolic difference between
SOD1693A mice and WT mice was more pronounced in the spinal cord than in the motor cortex (Fig. 3B). We then focused on the metabolic alterations
in the spinal cord, and 20 DEMs were found to be significantly altered in SOD1%93A mice (Table 2). Significant reductions in amino acids such as

arginine, ornithine, and tyrosine were noted, with the exception of S-lactoylglutathione. In addition, we found a marked alteration in purine and its
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derivatives (inosine, hypoxanthine, oxypurinol, AMP. ADP, and dGMP) in the spinal cord of SOD193A mice. Although the trends of purine derivatives
(AMP, ADP, and dGMP) in the plasma and spinal cord were inconsistent, disturbances in purine metabolism were found in both the central and
peripheral circulation, suggesting that purine metabolism may have been disrupted in the early stage of ALS. More importantly, altered levels of a series
of purine metabolites and disturbed purine metabolism were also found in the symptomatic stage, demonstrating the significance of purine
metabolism in the development and progression of ALS.

Table 2
Differential metabolites between WT and SOD1%93A mice in spinal cord at the pre-symptomatic stage.
Metabolites WT_60 gop16%3A 60 SOD1S93A/WT P Metabolites WT_60 g0op1%93A 60 SOD1893A/WT P
- value - value
AMP 1.083 1.547 1.428 0.002  Cysteine- 0.008 0.004 0.578 0.024
glutathione
disulfide
FFA C20:3 0.002 0.002 0.801 0.003  Tyrosine 0.000 0.000 0.841 0.020
Inosine 0.050 0.030 0.594 0.003 ADP 0.207 0.245 1.180 0.020
dGMP 0.005 0.009 1.775 0.004  Arginine 0.014 0.010 0.738 0.026
Hypoxanthine  0.318 0.237 0.748 0.004  Oxypurinol 0.000 0.000 0.689 0.026
UMP 0.000 0.000 1.422 0.005 N-acetyl-L- 0.001 0.001 0.848 0.049
histidine
Methionine 0.004 0.003 0.752 0.007  Phenylalanine 0.008 0.007 0.882 0.026
Saccharopine  0.003 0.002 0.745 0.010 S- 0.002 0.003 1.595 0.035
lactoyglutathione
Ornithine 0.000 0.000 0.778 0.011  FFAC20:2 0.003 0.003 0.844 0.043
Indoline 0.018 0.016 0.877 0.018
AMP = Adenosine 5-monophosphate; FFA= Free fatty acids; dGMP = 2-Deoxyguanosine 5-monophosphate; UMP = Uridine monophosphate.

Levels of the differentially expressed purine and purine derivatives in the spinal cord at different stages are presented in Fig. 3C—N. The results show
that levels of adenine and its three derivatives (AMP, ADP, and ATP) increased at the pre-symptomatic stage and decreased at the symptomatic in
SOD1¢93A mice (Fig. 3C—F). The same trend was observed in the alteration of four guanosine derivatives (cGMP, GDP, dGMP, and 2"-deoxyguanosine)
(Fig. 3G—J). In contrast, the trend of inosine and hypoxanthine, uric acid, and allantoic acid were inconsistent with these results. Inosine and
hypoxanthine were significantly reduced at the pre-symptomatic stage; however, no significant alteration was found at the symptomatic stage of ALS
(Fig. 3K-L). The levels of uric acid and allantoic acid were significantly altered at the symptomatic stage. As an end-product of purine metabolism, the
level of uric acid was significantly increased, whereas the level of allantoic acid, the oxidative product of uric acid, was significantly decreased in
SOD193A mice (Fig. 3M-N).

Proteomic analysis of the spinal cord in the symptomatic stage

To further understand the regulatory network of disturbed metabolic pathways and to unveil the underlying mechanism of metabolic alterations in ALS,
the spinal cord samples from 120-day-old SOD1¢%3A mice and WT littermates were subjected to proteomic analysis. According to the PCA analysis, the
proteomes of WT and SOD1%93A mice could be clearly discriminated (Fig. 4A). In total, 297 proteins were screened as differentially expressed proteins
(DEPs) in WT and SOD 1693 mice (p <0.05, FDR < 0.1, fold change > 1.2). Of these proteins, 193 DEPs were upregulated, while 104 DEPs were
downregulated (Fig. 4B and Table S5).

To interpret the biological significance of these DEPs, we performed the Gene Ontology (GO) annotation analysis, which depicts protein functions in
three categories: biological processes (BP), molecular functions (MF), and cellular components (CC) (Fig. 4C). In terms of CC, these DEPs were mostly
found in the cytosol or on mitochondria, ribosomes, synapses, and myelin sheaths. The analysis results of MF show that differential proteins were
primarily associated with protein binding, macromolecular complex binding, and structural constituent of ribosome. The most correlated BP of the
DEPs were translation, mitochondrial respiratory chain complex | assembly, fatty acid beta-oxidation, fatty acid metabolic process, etc. To further
investigate the functions and signaling pathways that the DEPs were involved in, KEGG enrichment analysis were performed. In total, 93 KEGG
pathways were enriched by 297 DEPs (Table S6), and the top 20 enriched pathways related to metabolism are shown as a bubble plot in Fig. 4D. These
DEPs were found to be mainly associated with metabolic pathways such as oxidative phosphorylation, fatty acid metabolism, fatty acid degradation,
and carbon metabolism. Moreover, some of these DEPs in the spinal cord were involved in the regulation of purine metabolism, which was found to be
significantly disrupted in metabolomic analysis.
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Table 3
Cluster details of MCODE protein-protein interaction and involved pathways.

Cluster Score Nodes Edges KEGG Pathways

1 2456 26 614 Ribosome, RNA transport

2 12.5 13 150 Oxidative phosphorylation, Thermogenesis, Retrograde endocannabinoid signaling, and etc.
3 7.75 9 62 Spliceosome

4 4889 28 132 Fatty acid metabolism, Peroxisome, Biosynthesis of unsaturated fatty acids, and etc.

To investigate the interactions among these DEPs, the STRING database was employed to construct a protein-protein interaction (PPI) network with a
medium confidence level (0.4). The established PPI network consisted of 297 nodes and 1447 edges (Table S7). MCODE method was then applied with
the default parameters (degree cutoff = 2, node score cutoff = 0.2, K-core = 2, and max. depth = 100) to identify core modules in the established PPI
network, following which seven clusters were found (scores > 3 and the number of nodes > 5) (Table S8). Proteins in the first four significant clusters
were subjected to KEGG pathway enrichment analysis (Fig. 5A and Table 3). Cluster 1, including 26 nodes and 614 edges, was significantly enriched in
the ribosome and RNA transport. Cluster 2, including 13 nodes and 150 edges, was markedly enriched in oxidative phosphorylation, thermogenesis, and
retrograde endocannabinoid signaling. Proteins in Cluster 3 were involved in the spliceosome. The most correlated categories of Cluster 4 were fatty
acid metabolism, peroxisome, and biosynthesis of unsaturated fatty acids (Table 3 and Table S9).

Oxidative phosphorylation is the process by which ATP is produced, coupled with the transport of electrons driven by five protein complexes
(Complexes I-V) [32]. In our study, levels of eight nicotinamide adenine dinucleotide hydride (NADH) dehydrogenase (Complex I) subunits, two
cytochrome C oxidase (Complex IV) subunits, and two ATP synthase (Complex V) subunits were found to be significantly reduced (Fig. 5B), suggesting
impaired oxidative phosphorylation in SOD16?3A mice in the symptomatic stage. Meanwhile, DEPs involved in multiple FFA metabolism pathways were
significantly elevated, indicating enhanced synthesis and utilization of FFAs (Fig. 5C).

Joint pathway analysis of proteomics and metabolomics

Since cellular metabolic activities could be regulated directly by proteins, and the concentration of metabolites could influence protein function and
expression in turn, the joint pathway analysis of proteomics and metabolomics data was performed. The results show that DEPs and DEMs in the
spinal cord of SOD1%3A mice in the symptomatic stage were simultaneously involved in metabolic pathways such as purine metabolism, tricarboxylic
acid (TCA) cycle, arginine, proline metabolism, and fatty acid degradation (p< 0.05, Fig. 6 and Table S10). To visualize these changes at the metabolic
and proteomic levels and their associations, we mapped the most important DEMs and DEPs into metabolic pathways (Fig. 7). Many purine
metabolites were found to be altered in the spinal cord of SOD1%93A mice at both pre-symptomatic and symptomatic stages. Meanwhile, abnormal
expressions of proteins involved in purine metabolism (PRPS2, ENTPD2, AMPD3, and NT5C) were also observed in the symptomatic stage. Moreover,
expression levels of TCA cycle-related enzymes (ACLY, DLST, SUCLA2, and MDH2) were significantly reduced, while enzymes involved in fatty acid
metabolism (HADHA, HADHB, ACADM, ACAA1, ACADSB, and ACOT1) were significantly increased in the spinal cord of SOD1%93A mice.

Discussion

In this study, the metabolic changes in plasma, spinal cord, and cortex during ALS evolution in SOD16%3A mice and age-matched littermates were
investigated using unbiased comparative metabolomics analysis. Our findings indicate that SOD1%%3A mice presented different metabolic signatures
from WT mice starting in the pre-symptomatic stage, mainly involving lipid and purine metabolism. In the symptomatic stage, metabolic changes in the
central nervous system and peripheral circulation were much more prominent. To further elucidate the mechanisms and regulatory network underlying
the metabolic reprogramming in ALS, the lumbar spinal cords from symptomatic SOD1%93A mice and their littermates were collected and subjected to
proteomics analysis. The results of GO annotation and KEGG enrichment analysis indicate that DEPs between SOD1%°3A mice and WT mice were
mainly located in mitochondria and involved in the process of mitochondrial respiratory chain complex | assembly, fatty acid beta-oxidation, oxidative
phosphorylation, and fatty acid metabolic processes. More importantly, DEPs that were markedly enriched in oxidative phosphorylation and fatty acid
metabolism were found to form highly interconnected network regions by MCODE analysis in the PPI network, further demonstrating the importance of
oxidative phosphorylation and fatty acid metabolism in the development of ALS. Concomitantly, the joint pathway analysis of proteomics and
metabolomics revealed that the most affected metabolic pathways in the symptomatic stage of ALS were purine metabolism, TCA cycle, arginine and
proline metabolism, and fatty acid degradation.

Purine metabolism

For the first time, we found dysregulation in purine metabolism in the plasma and spinal cord of SOD1%%3A mice at the pre-symptomatic stage.
Moreover, our integrative analysis of metabolomics and proteomics identified purine metabolism as the most significant disrupted pathway in the
spinal cord of SOD1%%3A mice at the symptomatic stage. Purine and its derivatives are the basic blocks of bioenergetics, regulating cellular energy
homeostasis and nucleotide synthesis [33]. Accumulative evidence suggests that purine metabolism plays an important role in the regulation of glial
cell activation, the prevention of oxidative damage, and the modulation of glutamate transport [34—-42]. An earlier in vitro study proved that astrocytes
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carrying SOD1 mutation had abnormal alterations in inosine, adenosine, and cyclic adenosine monophosphate (CAMP) [43]. Inosine, guanosine,
guanine, and adenine levels were also disrupted in the mitochondria plus the endoplasmic reticulum fraction of fibroblasts from ALS patients [44].

ATP, one of the most pivotal purine metabolites, can provide energy by hydrolyzing to ADP and AMP and exerts an important role in neuronal activation
and inhibition [33, 45]. The majority of ATP required for cell activity is generated in mitochondria via oxidative phosphorylation. In our study, we found
altered ADP, AMP, and adenine levels in the spinal cords of SOD1¢93A mice at the pre-symptomatic stage, before microglia activation and disease onset.
ATP is normally released by astrocytes and neurons, and it can regulate the function of neurons, astrocytes, oligodendrocytes, and microglia by binding
to P2 or P1 purinergic receptors, thus influencing the response to inflammation, calcium signaling, and synaptic activity [34—36]. Statistics show that
neuronal injury can cause an abnormal release of ATP and its catabolites, which then cause neuroinflammation and astrogliosis by activating
microglia and astrocytes [37-38].

Glutamate-induced excitotoxicity-mediated motor neuron degeneration is one of the major hypotheses for the pathogenesis of ALS [46]. Guanosine 5*-
triphosphate (GTP), GDP, GMP, and guanosine could interact with vesicular glutamate carriers in vitro [39]. Guanosine could also protect neurons from
glutamate-induced toxicity by promoting glutamate uptake and inhibiting glutamate release [40-42]. More importantly, second messenger molecules
such as cAMP and cyclic guanosine monophosphate (cGMP) have been shown to have an effect on the activation of proteasomes and promote the
degradation of misfolded and mutated proteins without interfering with autophagy [47-48]. Impaired protein homeostasis and accumulation of
misfolded proteins are considered two of the fundamental pathologic features of ALS [49-50]. There is evidence suggesting that the
phosphodiesterase 5 (PDE5) inhibitor-induced increase in cGMP can promote the degradation of mutant tau and mutant huntingtin, thereby improving
neuronal death and morphological abnormalities [48]. According to our findings, the level of cGMP in ALS mice significantly diminished during the
symptomatic stage. Thus, strategies aimed at increasing the level of cGMP might be a potential therapeutic intervention for ALS.

Furthermore, in SOD1%93A mice, we found an elevated level of uric acid, the end product of purines, and a reduced level of its oxidative product, allantoic
acid, at the symptomatic stage. The protective effect of uric acid has been reported in neurodegenerative diseases. It was reported that uric acid could
protect dopaminergic neurons from death by reducing reactive oxygen species (ROS) production and protein oxidation, which was dependent on the
presence of astrocytes [51]. Uric acid also helped to eliminate excess extracellular glutamate by enhancing the expression of glutamate transporter
excitatory amino acid transporter 1 (EAAT-1) in astrocytes [52]. These findings emphasize the strong link between purine metabolism and ALS
pathogenesis. Thus, further investigation into the role of purine metabolism in the development of ALS may aid in the discovery of early biomarkers
and novel therapeutic targets for clinical intervention.

Fatty acid metabolism

Marked upregulation of proteins involved in FFA biosynthesis and degradation and elevation of FFAs in plasma both demonstrated an enhanced FFA
metabolism in ALS mice. Hypermetabolism is a common feature of ALS, with up to 60% of patients being hypermetabolic [53]. Hypermetabolism could
cause a mobilization of peripheric lipid stores, resulting in significant reductions in fat mass and increased FFA metabolism [53—54]. Since the pre-
symptomatic stage, the SOD1 mice model shows increased metabolism and decreased body weight independent of energy intake [55]. Several studies
have suggested that increased fat utilization in ALS might be associated with increased energy expenditure caused by muscle atrophy and the
degeneration of sympathetic nerve innervation of adipose tissue [55—58]. Furthermore, decreased energy production resulting from mitochondria
abnormalities, increased release of pro-inflammatory cytokines and accumulated ROS might also be responsible [55, 59-60]. A previous study reported
that glucose metabolism was downregulated and the respiratory exchange ratio was significantly lower in SOD1 mice, indicating increased FFA
oxidation [61]. Excessive FFA metabolism has been linked to complex pro-inflammatory factors [62], which can activate the p38 signaling pathway via
ROS production, leading to progressive muscle wasting [63-64]. In addition, increased AMP-activated protein kinase (AMPK) activation was reported in
motor neurons generated from the spinal cord of SOD1 mice and ALS patients [65—-68]. The activation of AMPK may promote FFA oxidation by
phosphorylating acetyl-CoA carboxylase [61].

Previous studies found that inhibition of FFA oxidation could attenuate excessive energy expenditure and improve energy metabolism by increasing
muscle ATP content in SOD16%3A mice [61-62]. In ALS patients, a close relationship between serum lipid profile and survival has been found [69].
Higher levels of w-3 polyunsaturated fatty acids (PUFAs) were thought to protect against ALS [70]. Increased levels of FFAs, such as palmitoleate and
oleate, in blood, have also been linked to prolonged survival [71]. Docosahexaenoic acid (DHA) supplementation was found to reduce circulating pro-
inflammatory cytokine TNF-a and DNA oxidative damage and increase the survival of male SOD1%%3A mice by 7% [72]. These findings demonstrate that
targeting FFA metabolism might provide new strategies for better ALS management.

TCA cycle and oxidative phosphorylation

To maintain basic physiological functions, such as action potentials and postsynaptic signaling, the central nervous system requires approximately
20% of the body’s energy [73-75]. This energy is gradually generated via glycolysis, the TCA cycle, and mitochondrial oxidative phosphorylation
processes [7]. Proteins implicated in glycolysis and the TCA cycle have been found to have abnormal expressions in both ALS patients and SOD1693A
mice [76—77]. In our study, we found increased expressions of glucose-6-phosphate and fructose-1,6-bisphosphate in the spinal cords of SOD1¢93A
mice at the symptomatic stage, further indicating a defect in glycolysis in ALS. Impaired glycolysis might lead to a reduced entry of pyruvate into the
TCA cycle [78]. In SOD1%93A mice, reduced gene expressions of isocitrate dehydrogenase, oxoglutarate dehydrogenase, and malate dehydrogenase 1
(MDH1) were reported, which was consistent with our results from proteomics [79-81]. Previously, elevated succinate, one of the intermediates of the
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TCA cycle, was found in ALS patients [82]. Consistently, we noted an accumulated level of cis-aconitate in our study. These findings might indicate
decreased activities of related enzymes and inhibition of the TCA cycle in ALS. It was documented that, in isolated nerve terminals and various cellular
systems, reduced activities of TCA cycle enzymes were associated with the elevation of oxidative stress [16, 83—-84]. Additionally, aggregation of
mutated SOD1 proteins might also impair the TCA cycle by interfering with malate-aspartate shuttle activity in the mitochondrial membrane [85-86].

The inhibition of the TCA cycle could not only lead to the reduction in the acetyl-CoA but also affect the generation of NADP and electrons, ultimately
resulting in the dysfunction of oxidative phosphorylation [83-84]. In the blood cells of ALS patients, the mRNA level of succinate dehydrogenase
complex (Complex ) subunit B was reduced [87]. Besides, the activities of Complexes | and Ill as well as Complex IV were diminished in the spinal cord
of ALS patients [88]. Our data here clearly show that the expressions of eight subunits of NADH dehydrogenase (Complex 1), two subunits of
cytochrome C oxidase (Complex IV), and two subunits of ATP synthase (Complex V) were significantly reduced in the symptomatic stage, revealing the
detailed alteration of these three complexes. More importantly, these subunits clustered significantly in the PPI network established by DEPs between
SOD1%93A mice and WT mice, further demonstrating the essential role of oxidative phosphorylation in ALS pathogenesis. Notably, in another study, ATP
synthase expression was found to be elevated in the pre-symptomatic stage, which could be a compensatory change to meet increased energy demand
at the early stage [89]. It is known that inadequate ATP production aggravates mitochondrial dysfunction and contributes to motor neuron death [90—
91]. Improved glycolysis or TCA cycle by enhancing pyruvate dehydrogenase activity or replenishing TCA cycle intermediates has been shown in
studies to prolong disease duration by improving mitochondrial function [92-93].

Conclusion

This study investigated the metabolic changes in both the central nervous system and peripheral circulation of SOD1%°34 mice at different stages of
ALS, emphasizing the importance of metabolic alterations in the longitudinal development of ALS pathophysiology. Specifically, the present study
demonstrated that both plasma and spinal cord at the pre-symptomatic stage had a distinct metabolic profile, compared to the symptomatic stage,
especially in lipid and purine metabolism. Moreover, proteomics analysis was performed on the major lesion site (spinal cord). Based on the integrative
analysis, we highlighted that the abnormalities of purine metabolism, fatty acid metabolism, TCA cycle, and oxidative phosphorylation are crucial
events in ALS pathophysiology. Our results complement existing data on metabolic reprogramming in ALS and provide new insights into the discovery
of reliable early diagnostic biomarkers and therapeutic targets for ALS.
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Figure 1

Metabolic signature of SOD1%93A mice in plasma in the symptomatic stage. (A) OPLS-DA score plot of metabolome in plasma. Model parameters: R2X
=0.397, R2Y = 0.645, Q2 = 0.359. CV-ANOVA data: p = 0, F factor = 4.21. (B) OPLS-DA score plot of metabolome in spinal cord. Model parameters: R2X
= 0.343, R2Y = 0.732, Q2 = 0.485. CV-ANOVA data: p = 0, F factor = 4.44. (C) OPLS-DA score plot of metabolome in cortex. Model parameters: R2X =
0.509, R2Y = 0.775, Q2 = 0.374. CV-ANOVA data: p = 0.0001, F factor = 2.43. (D) Heat map of the differential metabolites between WT and SOD1¢93A
mice in plasma. (E) Distribution of each chemical class in all DEMs in plasma. (F) Pathway analysis of the differentially expressed metabolites in
plasma.
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Figure 2
Differential metabolites in spinal cord of SOD1%°3Amice in the symptomatic stage. (A) VIP [1] score of significant metabolites. (B) VIP [2] score of

significant metabolites. (C) Heat map of the differential metabolites between WT and SOD1G93A mice in the symptomatic stage. (D) Pathway analysis
of the differential metabolites.
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Figure 3

Metabolic disturbances in the pre-symptomatic stage. (A) PLS-DA score plot of metabolome in plasma of mice at 60 days of age. Model parameters:
R2X = 0.23, R2Y = 0.708, Q2 = 0.304. CV-ANOVA data: p = 0.01, F factor = 3.76. (B) PLS-DA score plot of metabolome in cortex and spinal cord of mice
at 60 days of age. Model parameters: R2X = 0.376, R2Y = 0.451, Q2 = 0.299. CV-ANOVA data: p = 0, F factor = 5.6. (C—N) Bar graphs of the 12 purine
and purine derivative metabolites in the spinal cord of WT and SOD16%3A mice at 60 and 120 days old. The values are expressed as mean + SEM, * p <
0.05 versus age-matched WT mice, ** p< 0.001 versus age-matched WT mice, *** p< 0.001 versus age-matched WT mice, by multiple unpaired t-test.

Page 17/21



& SOD1%9%*_120d (B) 3 Volcano |::|I?t

A : :
: : + FDR(down
WT—-1 20d N=104 : : N=193 ( )
40+ O : : + FDR(up)
C - FDR(ns)
20+ © P— " &
- '
=Y A
~ O ® o b w
-l 0 ----- < A —————— s s 3
* e|0® -
© g
-207 O O -
-40+
-60 T T T T T T T -
-100 80 60 40 -20 0 20 40 60 80 0
t[1
1 log2(FC)
( ) ( ) KEGG enrichment analysis
GO CC - GO—M F - GO—BP Oxidative phosphorylation < ; ity
20 : ] Fatty acid metabolism -| )
Fatty acid degradation Rich factor
—_— Carbon metabolism 0.15
E‘IS Valine, and isc gl e M
w Tryptophan metabolism
=] 10 Arginine and proline metabolism - 0.10
g! Biosynthesis of unsaturated fatty acids
- Citrate cycle (TCA cycle)
5 One carbon pool by folate - 0.05
Cholesterol metabolism -
Fatty acid elongation 4 - - - @8- - <<= decocuonnnonicaannanoooiod Input number
lyoxylate and dicarboxylate metabolism - - - ® 4
beta-Alanine metabolism ®

Biosynthesis of amino acids

Glycine, serine and threonine metabolism o - -
Purine metabolism < -

Primary bile acid biosynthesis 4 -~ ----

Lysine degradation +

Glutathione metabolism 4

.13

Iog10(FDR]

Figure 4

Differentially expressed protein in spinal cord at the symptomatic stage. (A) PCA score plot of plasma proteome of mice at 120 days old. (B) Volcano
plot of differential expressed proteins. (C) Top 10 terms of CC, MF, and BP in GO annotation analysis. (D) Top 20 terms related to metabolism in the

KEGG enrichment analysis.
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MCODE analysis and DEPs involved in OXOPHS and fatty acid metabolism. (A) Proteins and interactions of four significant clusters identified by
MCODE analysis. (B) Heat map of DEPs involved in OXOPHS. (C) Heat map of DEPs involved in fatty acid metabolism.
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Figure 7

The most perturbed metabolic pathways involved in the SOD1G93A mice model. PRPS2, phosphoribosyl pyrophosphate synthetase 2; ENTPD2,
ectonucleoside triphosphate diphosphohydrolase 2; AMPD3, adenosine monophosphate deaminase 3; NT5C, 5', 3-nucleotidase, cytosolic; ACLY, ATP
citrate lyase; DLST, succinyltransferase; SUCLA2, succinate-CoA ligase; MDH2, malate dehydrogenase 2; HADHA, hydroxyacyl-coenzyme A
dehydrogenase alpha subunit; HADHB, hydroxyacyl-coenzyme A dehydrogenase beta subunit; ACADM, acyl-CoA dehydrogenase medium chain; ACAAT,
acetyl-CoA acyltransferase 1, ACADSB, acyl-coenzyme A dehydrogenase, short/branched chain; ACOT1, acyl-CoA thioesterase 1; Eno2, enolase 2,
gamma neuronal; Aldh18a1, aldehyde dehydrogenase 18 family, member A1; LAP3, leucine aminopeptidase 3; OAT, ornithine aminotransferase; MAOB,
monoamine oxidase B; ALDH3A2. aldehyde dehydrogenase family 3, subfamily A2.
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