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Integrated transcriptomic profiling
reveals a STING-mediated Type II
Interferon signature in SOD1-mutant
amyotrophic lateral sclerosis models
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Inflammation is a hallmark of amyotrophic lateral sclerosis (ALS), particularly in cases with SOD1
mutations. Using integrative transcriptomics, we analyzed gene expression changes in mouse
models throughout progression, human induced-pluripotent stem cells (hiPSCs), and post-mortem
spinal cord tissue fromALSpatients.We identified a conserved upregulation of interferon (IFN) genes
and IFN-stimulating genes (ISGs) in bothmousemodels and humanALS,with a predominance Type I
IFNs (IFN-α/β) in mice and Type II IFNs (IFN-γ) in humans. In mouse models, we observed robust and
sustained upregulation of Type I and II ISGs, including ATF3, beginning at disease onset stage and
persisting throughout disease progression. Single-cell transcriptomics further pinpointed vascular
endothelial cells as a major source of ISGs. Furthermore, we found that the STING-TBK1 axis is
essential for the induction of Type II ISGs in ALS, as its deletion impaired their expression. Our study
uncovers a conserved ISGs signature across ALSmodels and patients, highlighting the potential role
of innate immune activation in ALS pathogenesis. These findings suggest that ISGs may serve as
potential biomarkers and therapeutic targets for ALS.

Amyotrophic lateral sclerosis (ALS), also knownas LouGehrig’s disease, is a
fatal neurodegenerative disorder characterized by progressive degeneration
of both upper and lower motor neurons, culminating in muscle atrophy,
paralysis, and eventually respiratory failure. ALS typically affects individuals
between 40 to 60 years of age, with a median survival of three to five years
post-diagnosis1. While approximately 10% of ALS cases are familial (fALS),
linked to inherited genetic mutations, the majority (90%) are sporadic
(sALS) with no clear genetic etiology2.

The most common genetic cause of ALS in individuals of European
ancestry is a hexanucleotide repeat expansion (HRE) in the C9orf72 gene,
responsible for 40% to 60% of fALS cases and 5% to 10% of sALS cases3.
C9orf72-associatedALS (C9orf72-ALS) oftenpresentswith frontotemporal
dementia, marked by bulbar onset and cognitive-behavioral deficits.
Mutations in SOD1 gene represent the secondmost commongenetic driver,
implicated in 12% to 24% of fALS and 1% of sALS4. Other mutations in
genes such as TAR DNA-binding protein 43 (TDP-43) and fused in sar-
coma (FUS) collectively contribute to another 1% to 5% of fALS cases,
highlighting the complex genetic landscape of ALS5,6. Although the specific

triggers of ALS remain largely unknown, increasing evidence suggests that
dysfunctional inflammatory signaling plays a critical role7, offering a valu-
able target for research and potential therapeutic strategies.

Neuroinflammation is increasingly recognized as a hallmark of ALS
pathology, primarily driven by chronic activation of glial cells, especially
microglia [the resident immune cells of the central nervous system (CNS)]
and astrocytes, which exhibit dual neuroprotective and neurotoxic roles7–12.
While the precise mechanisms driving inflammation in ALS remain
incompletely understood, several critical pathways have been implicated.
Activated glial cells release pro-inflammatory cytokines such as tumor
necrosis factor-alpha (TNF-α) and interleukin-1β (IL-1β), directly inducing
neuronal apoptosis7,8,13, while also contributing to oxidative stress through
the generation of reactive oxygen and nitrogen species. Peripheral immune
cells, including monocytes and lymphocytes, further infiltrate the CNS,
amplifyingneuroinflammation and acceleratingneurodegeneration.Recent
studies have highlighted the pivotal role of the cGAS-STING pathway in
linkingmolecular aberrations to inflammatory cascades across various ALS
models. Pathogenic aggregates of SOD1 andTDP-43 disruptmitochondrial
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integrity, releasing mitochondrial DNA and RNA hybrids that activate the
cGAS/DDX41-STING signaling. This triggers type I interferon (IFN-I)
production and ISGs expression, intensifying neuronal damage and disease
progression14,15.

In C9orf72-ALS, loss of C9orf72 function impairs lysosomal degra-
dation of STING in myeloid cells (e.g. macrophages), leading to persistent
immune activation and systemic inflammation16. However, while C9orf72
deficiency in murine models recapitulates immune dysregulation, it fails to
induce neurodegeneration, suggesting cell-type-specific contributions16.
Contrastingly, neuron-intrinsic STING activation has been proposed as a
key driver of neuroinflammation and degeneration in ALS17. Using both
in vitro hiPSC-derived neurons and in vivomodels, their findings implicate
neuron-intrinsic STING signaling in disease progression. These divergent
findings underscore the multifactorial nature of ALS pathogenesis, wherein
both neuron-intrinsic and extrinsic mechanisms may synergize to drive
disease progression in a context-dependent manner. Critically, both para-
digms converge on STING signaling as a central pathogenic node, high-
lighting its therapeutic potential16,17. Indeed, STING inhibition alleviates
neuropathology and improvesmotor function in SOD1 andTDP-43mutant
models14,15, reinforcing the cGAS-STING axis as a crucial link between
molecular aberrations and neuroinflammation in ALS.

Integrative analysis of multi-omics datasets offers a powerful strategy
to uncover common pathological features and potential therapeutic targets.
Genome-wide association studies and transcriptomic profiling have
revealed numerous candidate genes and dysregulated pathways implicated
in ALS, offering insights into disease mechanisms and biomarkers. Despite
the inherent heterogeneity ofALS, integrationof data frombothmurine and
human models can highlight shared gene expression patterns that may be
obscured in isolated studies. Reanalysis of existing datasets offers an addi-
tional dimension for discovering insights beyond the scope of the original
research. Leveraging this approach, we harmonized RNA-sequencing data
from murine models with human iPSC-derived cells and post-mortem
tissues to resolve conserve and species-specific pathways. We identified
sustained IFN-I, IFN-II, and ISGs induction fromdisease onset to end-stage
across models, with vascular endothelial cells emerging as unexpected key
contributors to these signatures. Strikingly, human ALS tissues exhibited
predominant IFN-II and its associated ISGs activation, contrasting with
murine models dominated by IFN-I signatures. These work advances our
understanding of ALS pathophysiology and identifies conserved nodes for
diagnostic or therapeutic innovation.

Results
Distinct temporal expression dynamics in ALS model
Our database search strategy identified two bulk-RNA-seq datasets with
time-course designs for ALS (Fig. 1a). The first dataset (Maniatis S. et al.18)
utilizes quantitative spatial transcriptomics to profile gene expression in
lumbar spinal cord tissue sections (L3-L5) from SOD1-G93A mice at pre-
symptomatic [postnatal day 30 (P30)], onset (P70), symptomatic (P100),
and end-stage (P120) time-points18. This data was generated using the 10X
Genomics platform, capturing polyadenylated RNA on arrays of spatially
barcoded DNA capture probe. The second study (Phatnani H. et al.19)
involves a longitudinal series of whole spinal-cord samples from adult pre-
and post-symptomatic ALSmice19. In this investigation, RNA isolated from
the whole spinal cord tissue specimens underwent high-throughput next-
generation-based transcriptomics multiplexing to assess gene expression
patterns (Fig. 1a). We prioritized the dataset from Phatnani et al.19 for
subsequent analysis due to its advantages in using the whole spinal cord
organ.This approach: (1) captures theheterogeneityofALSprogressionand
the diverse gene expression and pathology across different spinal cord
segments; (2) allows for broader investigation of ALS-related effects in non-
motor neuron cells; (3) increases the potential to identify biomarkers from
various regions; and (4) enhances clinical relevance by reflecting the
widespread degeneration characteristic of ALS. Additionally, Phatnani
et al.19 employed the widely used and standardized Illumina platform,
facilitating comparability with subsequent studies. All samples underwent

rigorous quality control, andprincipal component analysiswas employed to
assess the effects of sequencing andbatch-relatedconfoundingvariables. For
this study, we included six datasets from mouse SOD1-associated ALS
models, as well as ALS iPSCs carrying SOD1, VCP, C9orf72, and FUS
mutations. Additionally, spinal cord tissues from patients with sALS
(lacking identifiable ALS mutations) were also included (Table 1).

To elucidate the common underlying mechanisms driving the
dynamics and progression of SOD1-mediated ALS, we initially focused on
identifying gene expression changes.We characterized cellular systemswith
temporal precision across six distinct time points [embryonic day 12.5
(E12.5), P28, P56 (pre-symptomatic); P84 (onset); P119 and P150 (symp-
tomatic)]. Unsupervised clustering of significantly dysregulated genes
(p < 0.05) revealed a series of distinct response patterns shared across gen-
otypes and time courses. Using k-means clustering, we pre-set the number
of clusters (k) to testmultiple values and identified six primary gene clusters
(Fig. 1b) based on the most uniform and distinct separation of gene
expression profiles. Each cluster demonstrated unique dynamic alterations
in gene expression preferences. Cluster 1 manifested a progressive, gradual
decline in expression (“late gradual reduction” response) associated with
cholesterol biosynthetic process, including genes such as LSS, TM7SF2,
HMGCS1, CYP51, and FDPS (p = 3.08 × 10−6). This cluster also included
genes involved in translation and ribosomal protein synthesis machinery,
such as MRPL21, EIF5B, RPL12, and FAU (p = 5.72 × 10−6; Fig. 1c, d).
Cluster 2 showedan immediate, rapid reduction ingenes associatedwith cell
cycle and DNA replication, evident as early as P28 (“early rapid reduction”
response), featuring genes likeMCM4, TOP2A, HFM1, PCNA, and DNA2
(p = 1.81 × 10−23). Additionally, it contained transcription factors linked to
cell fate and development, such as HDAC1, HOXC10 OLIG3, SOX6, and
GLI3 (p = 2.15 × 10−25; Fig. 1c, d). Notably, Cluster 3 displayed oscillatory
expression dynamics in genes primarily involved in sprouting angiogenesis,
including VEGFA, SH2B3, THBS1, ADAM8, and ITGB1 (p = 2.82 × 10−14;
Fig. 1c, d). Cluster 4was characterized by a late but progressive upregulation
of cytokines and inflammatory molecules (CXCL9, CXCL10, CCL2, CCL5,
ITGAX, AXL, CLEC7a; p = 1.67× 10−21), corroborating previousfindings of
pre-symptomatic upregulation of TYROBP, APOE, and TREM2 in G93A
model18,20. Furthermore, we observed similar disease-stage upregulation
patterns for LPL, B2M, and CX3CR1, which function under the TREM2-
TYROBP pathway (Fig. 1c, d)21,22.

Multiple genes enriched in the earlypeakingclasses [“rapid long responses
(increase/decrease)”] demonstrated contrasting dynamics within Cluster 5
and 6. Cluster 5 showed a rapid, progressive loss of genes linked to G-protein
coupled receptor and neuron-glial signaling pathways (GABBR1, ADRA1A,
PENK, OPRK1, OPRM1; p= 9.86 × 10−11). At the molecular function level,
this cluster also displayed a pronounced, gradual loss of genes regulating
myelin sheath formation and voltage-gated membrane potential (KCNJ3,
SCN1A,GPM6B, andMAL; p= 3.33 × 10−21 (Fig. 1c, d). Conversely, Cluster 6
demonstrated a rapid, progressive increase in gene expression, includinggenes
implicated in carboxylic acid catabolic process, such as CRYL1, ACADL,
LDHD, andNUDT19 (p= 3.18 × 10−15; Fig. 1c, d). Across all response classes,
Cluster 1 and5demonstrateddecreasedexpression inG93Acompared toWT
controls, while changes in Cluster 2, 3 and 6 were less pronounced. Impor-
tantly, most genes dynamically changing in Cluster 4 showed the most sig-
nificant upregulation in G93A compared toWT over time (Fig. 1c). Notably,
cytokines and pro-inflammatory genes in this cluster showed a marked
increase throughoutALSdiseaseprogressionwithout reachingaplateauby the
study’sendpoint. In summary,our re-analysisof time-series expressionstudies
to construct dynamics networks identified differentially expressed genes
(DEGs) involved in multiple biological processes at distinct phases of the
disease.

Highly inflammatory and ISGs immune signature at ALS
onset stage
To elucidate the relationship between gene expression changes and ALS
disease progression, we conducted a time-course transcriptomic analysis in
theG93ASOD1mutantmousemodel. Timepointswere selected to capture
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the full spectrumof disease development: frompre-onset stages (embryonic
and adult) through onset and symptomatic phases to the terminal stage.
Initial analysis of the entire transcriptome at E12.5 revealed no significant
differences between G93A compared to WT mice (FDR < 0.05; Supple-
mentaryFig. 1a).This is consistentwith the absence of anovert phenotype at
this stage. However, modest gene expression changes emerged by weaning

age (P28), with eight DEGs identified in SOD1 mutant mice (adjusted
P < 0.05): three upregulated and five downregulated (Fig. 2a). At the
asymptomatic P56 stage, the ALS model displayed a substantial increase in
DEGs, with a total of 122 genes: 93 upregulated and 29 downregulated
(Fig. 2b, left). Upregulated genes included stress-induced transcription
components KLF2, CEBPB, ATF3, TCIM. Functional enrichment analysis
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of these genes in G93A revealed an overpresentation of processes related to
the negative regulation of cytokine production (e.g. ZFP36, THBS1, SRGN,
LRRC32), epithelial cell differentiation, blood vessel endothelial cell
migration (APOLD1, ACVRL1), regulation of hemopoiesis (e.g. ADA,
ZBTB1, PGLYRP1, RBP1), and circadian rhythm dysfunction (e.g. DBP,
CIART, ADAMTS1, ID1) – a process previously implicated in ALS patho-
physiology (Fig. 2c, left)23,24. Conversely, downregulated genes in G93A at
P56 were enriched in calcium and secondarymessengermediated signaling
(e.g.ERBB3,OPRM1,CASQ1,CCRL2) (Fig. 2c, right).Nearing disease onset
(P84), the number of DEGs escalated further to a total of 331, with 315
upregulatedand 16downregulatedgenes (Fig. 2b, right). These observations
suggest that gene expression alterations occur as early as the weaning stage
and become progressively more pronounced throughout disease progres-
sion in the SOD1-linked ALS model.

To pinpoint mechanisms driving disease onset, we analyzed genes dif-
ferentially expressed at P84. This time point corresponds to the emergence of
disease symptoms in SOD1 G93A, G86R and G37R mice25,26. Key histo-
pathological features at this stage include early astrogliosis and microgliosis,
axonal transport deficits, mitochondrial dysfunction, and aberrant neurofi-
lament processing, culminating inmotorneuron loss,muscle atrophy, and the
onset of paralysis27–29. Our analysis identified that the majority of the down-
regulated genes at P84 are associated with Notch and P38 MAPK signaling
pathways (e.g. DLK2), implicated in calcium ion binding and protein het-
erodimerization dysfunction. Moreover, we found downregulation of genes
involved in mitochondrial dysfunction (e.g. LYRM7), neuron development,
and cerebrospinal fluid (CSF) regulation (e.g. CAR4, CCDC122). These

findings support the initiation of neuromuscular deterioration at this stage,
consistent with the appearance of paralysis in the G93A model. Conversely,
Circos plot network analysis of upregulated genes at P84 presented a notable
enrichment of genes associatedwith biological processes such as “regulation of
innate immune response”, and “defense response to virus”. Notably, compo-
nents of the interferon-alpha/beta receptor pathway (e.g. IFITM3, GBP7,
ZC3HAV1, IFIH1, APOBEC1, ISG15, IRF7, OAS3, OASL, IFIT1, MX1) were
among the upregulated signatures (Fig. 2d, Supplementary Fig. 1b).Molecular
functional analysis reinforced these findings, demonstrating a significant
enrichment in chemokine activity, STAT family protein binding, as well as
immune-receptor binding among the upregulated cluster (Supplementary
Fig. 1b). This strongly suggests the activation of inflammatory and interferon-
associated antiviral responses in G93A at P84.

IFNs are potent cytokines that regulate inflammation and immune
responses, classified into three types: type I (IFN-I, primarily IFN-α/β), type
II (IFN-II, IFN-γ), and type III (IFN-III, IFN-ƛ). IFN-I and IFN-III signal
through distinct receptors (IFNAR1/2 and IFNLR1/IL10R2, respectively),
activating Janus kinases (JAK)-signal transducer and activator of tran-
scription (STAT) signaling, which forms the IFN-stimulated gene factor 3
(ISGF3) complex [STAT1, STAT2, and interferon regulatory factor 9
(IRF9)] to induce the expression of ISGs. IFN-II, on the other hand, signals
through IFNGR1/2, inducing STAT1 homodimerization that also drive
ISGs expression30. We next inferred the classification of ISGs from their
characterized regulon expression within the INTERFEROME database31,32.
This database integrates ISGs identified through high-throughput and
perturbations experiments across various species. This allows for robust

Fig. 1 | Temporal transcriptomic analysis identifies persistent activation of
cytokines during disease progression inALS. aSchematic representationof analytical
workflow. Integrated analysis of RNA-seq data arising from multiple published studies,
located through an extensive computerized search using specific key-terms reported in
peer-review journals. The data was uniformly processed via Galaxy web-based platform
before further subjecting to more downstream analysis. b K-means clustering of sig-
nificantly affected genes identifies 6-coordinated expression modules as determined by
RNA-seq in bulk fromWT and SOD1-G93A mice. Vertical lane: mean of biological
replicates of whole spinal cord tissue cells fromWT versus SOD1-G93A (n ≥ 3mice/age
group, mean Z-scores based on Log-transformedCPM). c (Upper section) Z-scoremean

expression across time courses for age of WT and SOD1-G93A mice ranging from
embryonic day 12.5 to postnatal day 150; (Lower section) Simplified expression dynamics
patterns for G93A, modeled to illustrate the general trend observed within each cluster
(not directly generated from the expression data). The y-axis shows the average Z-score;
the x-axis indicates the age of mice postnatal. d The primary biological processes or
pathways enrichedwithin these six-modules are examined in their temporal contextwhile
comparing across genotypes. Each individual cluster contains interconnected nodes,
representing individual genes, with edges indicating functional relationships
between them.

Table 1 | Datasets included in the integrated analysis

Reference Accession # Mutation Samples (n) Platform Library
type

Layout Organism Sequencing
type

Sample type

Phatnani et al.19 GSE43879 SOD1 16 Illumina poly(A) Single Mus musculus
(C57BL/6J)

Bulk Whole spinal cord

Herskovits et al.100 GSE106803 SOD1 6 Illumina poly(A) Single Mus musculus
(C57BL/6J)

Bulk Whole spinal cord

Fernández-Beltrán et
al.39; Fernández-Beltrán
et al.101

GSE184484 SOD1 10 Illumina poly(A) Paired Mus musculus
(C57BL/6J)

Bulk Spinal cord (L)

Henriques et al. 2017 GSE106364 SOD1 10 Illumina poly(A) Single Mus musculus
(C57BL/6J)

Bulk Spinal cord (L)

MacLean et al.47 GSE173524 SOD1 12 Illumina poly(A) Paired Mus musculus
(C57BL/6J)

Single-cell Spinal cord (L)

Luisier et al.102;
Hall et al.57

GSE99843 VCP 4 Illumina poly(A) Single Homo sapiens Bulk iPSCs

GSE98288 VCP 6 Illumina poly(A) Single Homo sapiens Bulk iPSCs

GSE160133 VCP 9 Illumina poly(A) Paired Homo sapiens Bulk iPSCs

Tyzack et al.55 GSE102902 SOD1 3 Illumina poly(A) Single Homo sapiens Bulk iPSCs

Birger et al.56 GSE142730 C9ORF72 4 Illumina poly(A) Single Homo sapiens Bulk iPSCs

Stoklund et al.58 GSE196219 FUS 12 Illumina poly(A) Single Homo sapiens Bulk iPSCs

NYGC ALS Consortium GSE137810 Sporadic (C) 275 Illumina poly(A) Paired Homo sapiens Bulk Postmortem spinal
cord tissues

(L) 255

C Cervical region, L Lumbar region
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Fig. 2 | Induction of Type I and II ISGs during pre-symptomatic stage preceding
the onset of ALS development. Volcano plots of normalized differentially expressed
genes fromwhole spinal cord of G93A overWTmice at postnatal day 28 (a), day 56 or 84
(b). Genes upregulated and downregulated (Dotted lines: Log2 = 1/-1, 2-fold expression
changes) are shown in red and blue, respectively. In this plot, the -Log10 FDR value of each
gene is plotted (on the vertical axis) against its log 2-fold change (on the horizontal axis).
c Enrichment pathway analysis of Biological Process (BP) GO terms of up- and down-
regulated DEGs in G93A/WT postnatal day 56 mice. Analysis was performed using a
hypergeometricoverrepresentation test against theGOdatabase,with significanceachieved
at Q-value < 0.05. Dots represent term enrichment, p-values indicating the statistical sig-
nificance of the enrichment are represented along a gradient color from blue (less sig-
nificant) to red (most significant). The sizes of the dots represent the count of DEGs

belonging to each term. d The circos plot illustrating the functional characterization of
genes expression modules in G93A/WT postnatal day 84 mice. Each segment ring in the
right side represents a module of co-expressed genes identified from upregulated DEGs
between G93A andWTmice. The left segmented ring displays enriched GO terms that
characterize thesemodules.Each linerepresents apairwisedatasetoverlapasdeterminedby
GSEA analysis and filtered by p < 0.05. eThe Venn diagram illustrates the classification of
up-regulatedDEGs fromG93A/WTat bothP56 andP84mice into categories of Type I, II,
and/or III ISGs. fHeatmap of selected chemokines, pro-inflammatory, and interferon-
stimulating genes inG93A versusWTmice ranging from embryonic day 12.5 to postnatal
day 84. gVenn diagram illustrates the genes that overlap across the pre-symptomatic stage
of G93A/WTmice, from P28 to P84.
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cross-species identification and classification of ISGs signatures. Remark-
ably, the proportion of ISGs among upregulated genes in G93A mice
increased substantially with disease progression. At P56, during the
asymptomatic stage, only 16.12% (15 of 93 genes, PFisher = 6.39 × 10−5) of
upregulated genes were classified as ISGs. Of these, the majority (11 of 15)
were regulated by both IFN-I and IFN-II (Fig. 2e, upper). By P84, corre-
sponding to disease onset, the proportion of ISGs among upregulated genes
surged to 53.7% (169 of 315 genes, PFisher = 2.23 × 10−55) (Fig. 2e, lower).
This amplified ISGs signaturewas predominantly driven by IFN-I and IFN-
II, with 75.73% (128/169) of ISGs co-regulated by both pathways. A smaller
subset (23.67%, 40/169) were specifically regulated by IFN-I, whileminimal
contributions from IFN-II (0.59%, 1/169) were observed (Fig. 2e, lower).
Notably, no geneswere found to be exclusively regulatedby IFN-III at either
time point (Fig. 2e).

Further comparative analysis revealed a pronounced activation of (1)
inflammatory responses—IFN-γ (mean FC = 3.59), TREM2 (mean FC =
4.95), interleukin [IL12 (mean FC = 3.21), IL1B (mean FC = 3.94)], and
NF-κB signaling [e.g. NFKB1 (mean FC = 2.67), TNFRSF1A (mean FC =
3.65)] (Fig. 2f, right); (2) chemokines—IFN-inducible chemokines
RANTES/CCL5 (mean FC = 13), MCP-1/CCL2 (mean FC = 45.25), MIP-
1α/CCL3 (mean FC = 15.78), MIP-1β/CCL4 (mean FC = 60.96), CCL12
(mean FC = 18.64), and IP-10/CXCL10 (mean FC = 21.56) (Fig. 2f, left),
and (3) ISGs responses, which were evidenced by pronounced increases
in genes such as OAS3 (mean FC = 108.38), CD169/SIGLEC1 (mean
FC = 62.25), IFI206 (mean FC = 89.26), IFI44 (mean FC = 27.1), IFI204
(mean FC = 21.26), CH25H (mean FC = 21.4), MX1 (mean FC = 15.76),
SERPINF2 (mean FC = 13.93), USP18 (mean FC = 7.21), OASL2 (mean
FC = 7.01), IRF7 (mean FC = 7.01), IFIT1 (mean FC = 6.36), ISG15 (mean
FC = 5.39), C1QB (mean FC = 4.82), GBP3 (mean FC = 3.71), MDA5/
IFIH1 (mean FC = 2.68), IFITM3 (mean FC = 2.16), and RIG-I/DDX58
(mean FC = 2.91), which were among the top upregulated genes affected
and were highly increased in the spinal cord at P84 (Fig. 2f,middle). These
observations further reaffirmed our previous findings of robust ISGs
induction in SOD1 mutant ALS models14.

To investigate whether the observed phenomena is specific to the
G93Amutation, we extended our analysis to another well-establishedALS-
linked SOD1 mutation, G86R33. At disease onset (P95), we identified 312
DEGs (FDR < 0.05), with 302 upregulated and 10 downregulated genes
(Supplementary Fig. 2a). Mirroring the G93Amodel, GO analysis of G86R
upregulated genes revealed significant enrichment in pathways related to
cytokine-mediated signaling and regulation of innate immune responses
(Gene ratio: 11.1%, adjusted p = 2.84 × 10−11; MMP12, IL1A, LGALS9,
LAG3, TICAM2), and defense against viruses, for instance OAS1A,
EIF2AK2, OAS1A, MX1, CXCL10, DHX58, and IRF7 (Gene ratio: 13.9%,
adjusted p = 8.64 × 10−14), whereas downregulated genes were over-
presented by proteoglycan biosynthesis process (adjusted p < 0.05; NDST3,
NDST4; Supplementary Fig. 2b).KyotoEncyclopedia ofGenes andGenome
(KEGG) pathway analysis further corroborated these findings, highlighting
the enrichment of innate immune response pathways (e.g. Toll-like receptor
and NOD-like receptor pathways) and responses against viruses infections
(e.g. COVID-19, Influenza A, Epstein-Barr virus) in upregulated genes
(adjusted p < 0.0001), and lipid synthesis within the downregulated genes
(adjusted p < 0.05) (Supplementary Fig. 2c). Amongst the significantly
affected genes (FDR < 0.05), G86R mice displayed enhanced expression in
inflammatory cytokines (Log2-FC ≥1; IL12, IL6, TNF) and chemokines
(Log2-FC ≥ 1;CXCL10, CCL5). Furthermore, mirroring the G93Amodel at
P84, G86Rmice displayed robust enhanced expression of IFN-I and IFN-II
(IFNB1, IFNG) and ISGs (MX1OASL1, IFI44, IRF7, ISG15) at the P95 onset
stage as well (Supplementary Fig. 2d). This inflammatory response was
accompaniedby activationof both astrocytes andmicroglia, as evidencedby
increased expression of characteristic markers. Microglia displayed upre-
gulation of FCRLS, CD68, CD14, CD80, CX3CR1, P2RY12, and TMEM119,
while astrocytes exhibited increased expression of GFAP, SOX9, and AQP4
(Supplementary Fig. 2d). INTERFEROME analysis confirmed the presence
of ISGs, while only 2 out of 10 downregulated genes were IFN-I-induced

ISGs, a substantial portion (58%) of upregulated genes (175 out of 302,
PFisher = 9.39 × 10−36) were classified as ISGs. Among these, 31 were speci-
fically regulated by IFN-I, and 144 by both IFN-I and IFN-II. No IFN-III-
induced genes were identified (Supplementary Fig. 2e). These findings
demonstrate a consistent, mutation-independent upregulation of IFN-
associated genes at the onset stage in SOD1-linked ALS models.

ATF3, CCL9, CCN1, SPRR1A, and TIMP1 serving as the bio-
marker for SOD1-ALS
To identify potential contributors to disease onset in the G93A model, we
analyzed shared gene expression changes across asymptomatic (P28, P56)
and onset stages (P84). While no differentially upregulated genes over-
lapped between P28 and P56, 14 of the 93 significantly upregulated genes at
P56 (15%, FDR < 0.05) showed sustained overexpression at P84 (Fisher’s
exact test P = 5.6 × 10−52) (Fig. 2g, upper). Among these, the IFN-induced
ISG IFI44 displayed themost substantial increase, rising approximately 4.3-
fold from P56 (mean FC = 6.23, FDR < 0.05) to P84 (mean FC = 27.1,
FDR < 0.05). This was followed by tissue inhibitors of metallopeptidase
inhibitor 1 (TIMP1), with a 2.5-fold increase from P56 (mean FC = 5.73) to
P84 (mean FC = 14.22) (Fig. 2g). Matrix metalloproteinases (MMPs)
degrade extracellular matrix components and contribute to demyelinating
diseases by disrupting the blood-brain barrier, facilitating inflammatory cell
migration, cytokine release, andmyelin sheathbreakdown34. Their activity is
regulated by tissue inhibitors of MMPs (TIMPs), and an imbalanced
MMPx:TIMP1 ratio is associated with various neurological disorders,
includingmultiple sclerosis, showing a strong correlationwith clinical score
and demyelination35–38. Although not significantly altered at P28 and P56,
both MMP12 and MMP19 displayed significantly increased expression at
P84 in G93A model (mean FC = 14.72, FDR < 0.05 for MMP12; mean
FC = 3.3, FDR < 0.05 forMMP19). Therefore, the upregulation ofTIMP1 at
P56, followed by a significantly increased MMP12/19:TIMP1 ratio at P84
may suggest a progressive immune cell infiltration and potentialmyelin loss
in theG93Amodel. In addition,ATF3, SPRR1A,FMOD,RBP1, and another
ISG, IFIT3, were modestly upregulated (≈ 2-fold) at P84 relative to P56.
While other genes (ADA, NRROS, SH3BP2, CCL9, CCN1, ZFP36, SRGN)
showed significant increases at their respective time points, their P84/P56
ratios remained unaffected (Fig. 2g, upper). In contrast, only amine oxidase,
copper containing 3 (AOC3) showed sustained downregulation from P28
(mean FC = –37.27, FDR < 0.05) to P56 (mean FC = –203.66, FDR < 0.05),
with a robust 5.5-fold decrease. Notably, this decrease was not sustained at
P84 (Fig. 2g, lower), suggesting a potential restoration towardsWT levels as
the disease progresses. Furthermore, no downregulated genes overlapped
betweenP56andP84 (Fig. 2g, lower), implying that downregulation is stage-
specific and transient, with distinct genes affected at different time points
during the early to onset stages in the G93A model.

To identify shared transcriptional patterns between the G93A and
G86R models, we compared gene expression changes in their respective
stages (G93A: P28-P56, G86R: P95). Of the 96 upregulated genes in the
asymptomatic G93A model, 10 (10.4%) were also significantly upregulated
in the G86R model at P95. These genes include those involved in cellular
communication network (CCN1, CCN5), inflammation (TIMP1, CCL9,
ATF3), structural roles (SPRR1A, NES, TAGLN), and the IFN response
(IFIT3, IFI44) (Supplementary Fig. 2f, upper). Notably, six of these genes
(TIMP1, ATF3, IFIT3, IFI44, CCN1, SPRR1A) remained persistently upre-
gulated through the P84 onset stage in the G93A model (Supplementary
Fig. 2g). Conversely, only one gene, N-Deacetylase and N-Sulfotransferase
(NDST4, involved in hydrolase and deacetylase activity), overlapped
between the downregulated clusters of the asymptomatic G93A stage (P28-
P56) and the P95 stage in the G86R model (Supplementary Fig. 2f, lower).

To further substantiate the presence of IFN and ISG signatures in ALS
SOD1 models, we re-analyzed another publicly available RNA-seq dataset
of lumbar spinal cord tissue derived from G93A mice at disease onset
(P90)39 (SupplementaryFig. 3a).Using a significance threshold of |Log2-FC|
≥ 1.0 (FDR < 0.05), we identified 124 DEGs, with 113 upregulated and 11
downregulated in G93A mice compared to WT controls. Among the top
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significant hits, the volcano plot consistently highlighted previously con-
firmed genes associated with SOD1 pathology, including CLEC7A
(FDR = 1.06 × 10−7; p = 3.65 × 10−7), TREML2 (FDR = 0.00344;
p = 1.13 × 10−4), TYROBP (FDR = 1.29 × 10−7; p = 2.13 × 10–5), andCH25H
(FDR = 0.00344; p = 6.8 × 10−5) (Supplementary Fig. 3b, left). Unbiased
functional enrichment analysis for biological processes revealed that
upregulated genes were most significantly associated with immune cell
regulation and cytokine activation (adjusted p < 0.001). KEGG pathway
analysis further implicated pathways involved in cytokine receptors inter-
actions, responses to viral components, and bacterial infection (adjusted
p < 0.05, Supplementary Fig. 3b). This alignswithour previous observations
and reinforces the role of dysregulated innate immune responses in SOD1
transgenic mice pathology. Given these findings, we then investigated the
relationship between the DEGs and IFN pathways. Of the 113 differentially
upregulated genes, 56 (49.6%, PFisher = 3.91 × 10−41) genes are classified as
ISGs (e.g. CH25H, IFI204, IFI207), representing a significant portion of the
analyzed gene pool. Specifically, 21 genes were regulated by IFN-I, and 35
genes by both IFN-I and IFN-II. None were regulated specifically by IFN-II
or -III (Supplementary Fig. 3c). Furthermore, this G93A dataset con-
sistently recapitulated enhanced expression of several chemokines (e.g.
CCL3, CCL4, CCL6, CCL9, CXCL16), microglia activation markers (e.g.
FCRLS,CD68, ITGAX/CD11C), and an increased inMMP12:TIMP1 (mean
FC = 151.9:7.2) ratio.

We further investigated transcriptome alterations across different stages
to identify potential contributors specifically associated with disease onset. By
comparing data across time-points ranging from P28 to P90 in the G93A
model, we obtained a more comprehensive landscape of gene expression
changes at the onset stages. Remarkably, five genes (CCN1, SPRR1A, CCL9,
TIMP1, and ATF3) showed significant upregulation starting from the
asymptomatic stage (P56) and maintained high expression levels at P84 and
P90. In contrast, of the 302 genes upregulated at P84, only 66 remained
elevated at P90 (Supplementary Fig. 3d). The consistent upregulation of the
aforementioned five genes in the G86R model at P95 suggests a potential
common disease-related molecular signature associated with ALS onset in
SOD1 models. Further characterization using INTERFEROME database
revealed that 59% (42 out of 71, PFisher = 1.10 × 10

−35) of these shared genes
were ISGs, with ~66.7% co-regulated by both IFN-I and -II, and 33.3% spe-
cifically regulated by IFN-I. No genes were exclusively regulated by IFN-II or
IFN-III (SupplementaryFig. 3d, right). Interestingly,CCN5, a connective tissue
growth factor involved inWNT-signaling, exhibited an oscillatory expression
pattern inG93Amice, closelymirroring the dynamicfluctuations observed in
Cluster 3 genes. Its expression increased at the asymptomatic stage (P56),
declined at onset (P84), and re-emerged at P90, following the same transient
rise-and-fall pattern characteristic of Cluster 3. Unbiased GO analysis identi-
fiedCluster 3 enriched for genes involved in sprouting angiogenesis (Fig. 1d), a
process in which CCN5 plays a known role. This alignment suggests its
involvement in angiogenic remodeling during disease progression. Notably,
no genes showed consistent downregulation across all time-points (P28-P90)
inG93A (Supplementary Fig. 3d, left). Collectively, these findings suggest that
the enhanced expressionof IFN-I and -II ISGsduringSOD1-linkedALS (both
G93A and G86R) onset represents a consistent physiological response rather
than a spontaneous event.

Persistent activation of IFN-I and IFN-II responses at the SOD1-
ALS symptomatic stage
IFNs are pivotal in antiviral defense, yet their dysregulated activity con-
tributes to autoimmune diseases by fostering a pro-inflammatory milieu
through the induction of inflammatory mediators and the activation of
immune effector cells40. Our data indicate their involvement in early ALS
disease progression. To gain a more comprehensive understanding of their
role in ALS pathogenesis, we performedRT-qPCR on brain and spinal cord
tissues from WT and G93A mice at 10 (asymptomatic) and 20 (sympto-
matic) weeks of age.We observed a significant upregulation of several ISGs,
including ISG15, MX1, and IFIT1, and chemokines, including CXCL10,
CCL2, and CCL5, in both tissues of G93A mice compared to WT controls

(Supplementary Fig. 4a, b). This upregulation was more pronounced at
20 weeks of age, indicating a progressive increase in IFN signaling during
disease progression. Furthermore, we observed increased expression of
IFNG and IFNB1 in the spinal cord andbrainofG93Amice (Supplementary
Fig. 4c). ELISA analysis confirmed elevated serum IFN-γ levels in G93A
mice at both 10 and 20 weeks of age (Supplementary Fig. 4d). These results
validate our initial RNA-seq analysis and demonstrate clear activation of
both IFN-I and IFN-II signaling pathways in the G93A mouse
model of ALS.

However, a comprehensive understanding of their role necessitates
longitudinal studies encompassing both early and late symptomatic phases.
To this end, we examined differential gene responses from symptomatic to
terminal stages (P119-P150) in the G93A model. Our analysis revealed
dysregulation of 783 genes at P119 and 1,382 genes at P150 (Fig. 3a, b).
Notably, upregulation was predominant, increasing from 750 genes at P119
to 1220 genes at P150. Meanwhile, downregulation also increased with dis-
ease progression, from 16 genes at P84 to 33 at P119, and 162 at P150
(Fig. 3a, b). Most upregulated genes at these stages implicate pathways
associated with immune activation in response to infections. This includes
NF-kB signaling, cytokine-receptor interactions, and infections by pathogens
such as Epstein-Barr virus,Mycobacterium tuberculosis, Bordetella pertussis,
andTrypanosomacruzi (the causative agentofChagasdisease).Autoimmune
condition suchas rheumatoid arthritiswas alsonoted (Fig. 3c). It is important
to note that IFN-II signaling and IFN-γ production are linked to infections
like Chagas, tuberculosis and pertussis, whereas IFN-I is primarily associated
withviral infections and thepathogenesis of rheumatoidarthritis41.UsingGO
analysis, we continued to observe a predicted activation of inflammatory and
antiviral signaling pathways in both groups. This includes NF-kB signaling
for TNF superfamily cytokine production (CLEC7A, TREM2, TNFRSF1A,
TYROBP, adjusted p = 2.45 × 10−18) and the induction of IFNs and ISGs in
response to viruses (APOBEC1, IFI30, IFI207, MX1, CH25H, EIF2AK2,
IFIH1, IFITM1; adjusted p = 5.6 × 10−15) (Fig. 3d). Furthermore, we also
observed the activation of brain-resident immune cells, including myeloid
and leukocyte populations (AIF1, CST7, C1QA, ITGB2, CD84, CX3CR1;
adjusted p = 2.17 × 10−21). These were evidenced by marked increases in the
expression of relevantmarkers, starting at P84 and peaking at P119 and P150
(Fig. 3d, Supplementary Fig. 1c). In line with previous studies, several well-
known ALS genes were successfully recapitulated (e.g. TREM2, APOE,
CX3CR1, KIF5A, CHODL). Nevertheless, throughout these symptomatic
stages, the G93A model demonstrated significant repression of genes asso-
ciated with neuron synapses, skeletal and respiratory muscle development
(Supplementary Fig. 1d). Examples include SMYD1 (mean FC=−5.15,
p = 6.5 × 10−5), HEYL (mean FC=−4.91, p = 4.56 × 10−8), SIX4 (mean
FC=−3.03, p = 1.62 × 10−5), GLI1 (mean FC=−3.23, p = 1.58 × 10−6),
GNG8 (mean FC=−2.09, p = 8.04 × 10−5), and RSPO2 (mean FC=−4.23,
p = 2.54 × 10−9) (Supplementary Fig. 1d). This repression correlates strongly
with the progression of severe limb paralysis observed in the animal model
prior to its end stage at P150.

We then examined the temporal profiling across six time-points and
observed that the majority of inflammatory response genes, chemokines, and
ISGs began to showpronounced upregulation at the onset (P84) in theG93A,
reaching a peak during the symptomatic stage (P119-P150). IFN-I (IFNB1)
started to show modest upregulation as early as P56, gradually increasing at
P84 and maintained an elevated level until P119, with a substantial surge
observed at P150. In contrast, IFN-II signaling (IFNG) began modest upre-
gulation at P56, peaked at P84, and sustaining until P119 before declining to
WT levels at P150 (Fig. 3e,middle). It is important to note that ISGs induction
requires the activation of secondary IFN-α/β/γ-receptor and JAK-STAT
pathway, the temporal expression of ISGmRNAcloselymirrored that of IFN-
β and IFN-γ, with differential induction beginning modestly at P56, rising at
P84, and maintained elevation until P150 (Fig. 3e, right). This pattern high-
lights that these genes are part of the group characterized by expression
dynamics in Cluster 4. These ISGs constituted a significant proportion of the
upregulated genes across symptomatic stages, accounting for 39.5% (296 out
of 750, PFisher = 1.58 × 10

−160) at P119, and 33.7% (411 out of 1,220,
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PFisher = 5.73 × 10
−185) at P150. The majority of these genes were co-regulated

byboth IFN-I and IFN-II [72.6%(215/296genes) atP119, and70.1%(288/411
genes) at P150]. A subset was specifically regulated by IFN-I [27% (80/296) at
P119, 29.4%(121/411atP150)],witha small fractionby IFN-II (1/296atP119,
and 2/411 at P150) (Fig. 3f). Despite previous research indicating that IFN-I
and IFN-III induce a similar set of ISGs42, we observed no dysregulation of
IFN-III (IFN-ƛ) signaling in G93A compared to WT across all time-points.

This finding corroborates the absence of shared or IFN-III-specific ISGs in
G93Aacross all time-points (Fig. 3e, f), suggesting that both IFN-β and IFN-γ,
but not IFN-ƛ, are the primary drivers of ISGs induction in the SOD1
mutant model.

Continuous comparative analysis of gene expression profiles across dis-
ease stages has revealed a set of overlapping genes with distinct expression
patterns potentially critical for disease onset andprogression. In contrast to the

Fig. 3 | Enhanced expression of master transcriptional repressor ATF3 across
ALS stages. Volcano plots of normalized differentially expressed genes from whole
spinal cord ofG93A overWTmice at postnatal day 119 (P119; n = 4 per group) (a), and
day 150 (P150; n = 3 per group) (b). (Dotted lines: Log2 = 1/-1, 2-fold expression
changes). c Top ten significant enriched KEGG pathways of the up-regulated DEGs
from both P119 and P150 G93A/WT. The number of genes associated with each
pathway is indicated beside the corresponding bar. d Enrichment pathway analysis of
Biological Process (BP) GO terms of upregulated DEGs in both P119 and P150 G93A/
WT mice. e Heatmap of selected chemokines, pro-inflammatory, and interferon-

stimulating genes inG93AversusWTmice ranging fromE12.5 toP150. (Blue:TYROBP
and TREM2 are positive control for upregulated genes in G93A model) (f) The Venn
diagram illustrates the classification of up-regulatedDEGs fromG93A/WT at P119 and
P150mice into categories of Type I, II, and/or III ISGs. g (left) Venn diagram illustrates
the genes that overlap across from P56 to P150 of G93A/WT mice; (right) the upset
matrix plot displays the total number of DEGs identified in E12.5-P150 of G93Amice.
The pie chart shows the percentage ofDEGs from their respective temporal profiles that
are categorized as Type I and/or II ISGs in theCNS. Examples of genes corresponding to
specific time-points are color-coded accordingly.
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earlier downregulation observed from P28 to P84/P90, 12 genes associated
with synapses and muscle development were downregulated from P119 and
remained attenuated at P150 (Fig. 3g, lower). The upregulated gene cluster, on
the other hand, exhibited two distinct phases of widespread gene expression
changes. Specifically, 28 genes displayed an oscillatory expression pattern
(Cluster 3), characterized by upregulation at P84, restoration to WT levels at
P119, and subsequent upregulation again at P150. Another 413 genes showed
enhanced expression from P119 to P150, while 246 genes were continuously
upregulated from P84 to P150 (Fig. 3g, upper). Importantly, a significant
portionof theseupregulatedgenesacross symptomatic stageswere IFN-I, IFN-
II, and their downstream ISGs. This included 53.25% (131 out of 246,
PFisher = 5.39 × 10

−97) of genes at P84-P150 and 32.45% (134 out of 413,
PFisher = 8.47 × 10

−66) at P119-P150. Moreover, 170 upregulated genes shared
between P84-P150 in G93A were also upregulated in G86R model at P95.
These shared genes were enriched in innate and adaptive immune pathways,
particularly Toll-like receptor and IFN signaling (Supplementary Fig. 2g).
Notably,67%(114outof170,PFisher = 2.41 × 10

−101)of these sharedgeneswere
ISGs, with 78.9% (90/114) co-regulated by IFN-I and II, and 21% (24/114) by
IFN-I alone (Supplementary Fig. 2h). This emphasizes the prevalence of ISGs
and other immune-related genes across different disease stages and SOD1
mutations. A core set of 12 genes (ATF3, ADA, CCN1, CCL9, FMOD, IFI44,
RBP1, SRGN, SH3BP2, SPRR1A, TIMP1, ZFP36) displayed persistent upre-
gulation in the G93Amodel, spanning from the pre-symptomatic stage (P56)
through disease onset (P84) and into late symptomatic phases (P119, P150).
Several of these genes are ISGs (ATF3, CCL9, IFI44, TIMP1, ZFP36). Impor-
tantly, five of these genes—CCN1, SPRR1A, CCL9, TIMP1, and ATF3—dis-
played the samepersistentupregulationacrossdisease stages inbothG93Aand
G86Rmodels (Fig. 2). Their sustained elevation inG93Amodel throughP119
and P150 (Fig. 3g, upper) highlights their potential as markers of both disease
onset and progression. We propose the term “SOD1-ALS Associated Sig-
nature” (SAAS) to describe this marker set, as their appear to represent a
consistent signature of disease across SOD1-linked ALS.

The examination of transcription factor activity changes across SOD1
mutant genetic backgrounds using the TF2DNA database43 (p < 0.0001)
revealed significant alterations in 17 transcription factors in both G86R and
G93A mice. These included changes in NFIL3, JUN, HEY2, OLIG3, DBP,
SP110, members of the fos-like antigen family (FOSL1, FOSL2), members of
the IRFs family (IRF1, IRF5, IRF7, IRF8, IRF9), andmembers of the CCAAT/
enhancer-binding protein (C/EBP) family (CEBPA,CEBPB, CEBPD). Several
IRF members are ISGs regulated by a positive feedback loop involving IRF3
and IFN-α/β/γ-receptor signaling. Among these, IRF8 displayed the most
significant upregulation (mean FC= 11.55, p = 1.06 × 10−8) as the disease
progressed (Supplementary Fig. 5). Of particularly interest, the transcription
factorATF3 (a SAASmember) displayed consistently enhanced expression in
both G93A and G86R models. This upregulation began as early as P56 and
persisted throughout disease progression, reaching ameanFCof~5.3 at onset
(P84), ~11.7 in the symptomatic stage (P119), and remainedhighly elevatedat
P150 (~40.4) (Fig. 3g, Supplementary Fig. 3d and 5). ATF3, a member of the
ATF/cAMP response element-binding (CREB) family, functions as both an
activator and repressor of cellular homeostasis and immune responses. It
forms homo/heterodimers with bZIP-domain containing proteins, including
activating protein 1 (AP-1), and C/EBP family members44. Importantly, C/
EBPδ (encoded by CEBPD) promotes inflammatory signaling, whereas
CEBPα (encoded byCEBPA) exhibits anti-inflammatory properties. C/EBPδ
expression is typically transient and is downregulated by ATF3 in a negative
feedback loop to mitigate inflammation45,46. Our analysis revealed pro-
nounced and sustained CEBPD upregulation in SOD1-ALS model (mean
FC= 10, FDR< 0.05) from onset stage (P84) to the terminal stage (P150)
(Supplementary Fig. 5). While a similar CEBPA upregulation trend was
observed at G93A time points, it was absent in G86R (P95) and an inde-
pendent G93A dataset (P90) (Supplementary Fig. 5). The persistent
enhancement of ATF3 and CEBPD suggests potential roles for ATF3 and
ATF3-C/EBPδ, and possibly ATF3-AP-1/FOSL complexes, in disease pro-
gression. Our findings indicate that altered transcription factors activity may
modulate the magnitude and duration of inflammatory signaling across

different phases through a network of mutual regulatory feedback loops in
SOD1-ALS model.

Substantial decrease of neuron cells in the spinal cord of
SOD1-ALS
While our bulk transcriptomic analyses of CNS tissues consistently revealed
elevated expression of ISGs in ALS, this approach lacks the resolution to
identify the specific cell types responsible for this ISG signature. To our
knowledge, no prior studies have integrated single-nucleus transcriptomics
in the meta-analysis of SOD1-linked ALS. Therefore, we analyzed G93A
mice at disease onset (P90) using single-nuclues RNA-seq (snRNA-seq) to
investigate the contributions of different cell subsets to the inflammatory
microenvironment in SOD1-associated ALS. After integrating snRNA-seq
data from the spinal cord tissue ofWTandG93Amice47, wefilteredout low-
quality cells and doublets (Supplementary Fig. 6), retaining 14,662 high-
quality single cells that passed quality control. This allowed us to recover an
average of 3000 genes per cell and a mean of 30,000 unique molecular
identifiers (Supplementary Fig. 6a). We then annotated these cells using
canonical lineage markers to discriminate subpopulations, with further
confirmation using Azimuth48. Unsupervised clustering based on
t-distribution stochastic neighbor embedding (t-SNE) after normalization
and batch-effect correction resolved distinct major cell types, including
astrocytes (GFAP, SLC1A3, SCL4A4, FGFR3, ATP13A4), neurons (TSHZ2),
microglia (CX3CR1), pericytes (ABCC9, VTN), vascular cells (FLT1,
PECAM1, TEK, MYL9), oligodendrocytes (SOX10, PDGFRA, MOG), and
oligodendrocytes precursor cells (OPC; NG2, PDGFRA) (Fig. 4a, Supple-
mentary Fig. 7). Among these, neurons and oligodendrocytes were the
primary cell types identified, accounting for 65.64% and 18.76% of the total
population, respectively. Astrocytes constituted 10.67%, vascular cells
3.34%, OPC 1.16%, pericytes 0.37%, and microglia 0.06% (Fig. 4b). Within
the neuronal compartment, we identified canonical subpopulations of
GABAergic neurons expressing vesicular inhibitory amino acid transporter
(encoded by SLC32A1), and glutamatergic neuron cells expressing N-
methyl-D-aspartate receptor (encoded by GRIN1). Both neuron types may
also shared some expression markers such as synaptic vesicle glycoprotein
2c (SV2C). The vascular cell compartment primarily consisted of LY6C1-
expressing endothelial cells (Fig. 4c, Supplementary Fig. 7). Housekeeping
genesGAPDH andACTB served as controls, showing consistent expression
across all clusters (Supplementary Fig. 7b). All cell types were identified
across three biological replicates.

Next, we assessedwhether genotypes influence changes in the absolute
abundance of each cell population at the onset stage. Compared to WT
controls, G93A mutant exhibited an expanded proportion of microglia
(+25%; Pχ2 < 0.0001) and pericytes (+3.70%; Pχ2 < 0.0001; Fig. 4d), sup-
porting the notion that immune cells infiltration had begun at the onset
stage. This alignswith the previously observed increased expression of ISGs,
chemokines, and microglia activation markers seen in bulk analysis. In
contrast, we recorded a substantial reduction in neurons (–25.5%;
Pχ2 < 0.0001), and astrocytes (–19.88%; Pχ2 < 0.0001). Further analysis of
neuronal subtypes revealed significant decreased in both GABAergic and
glutamatergic neurons (-27.58% and –22.7%, respectively; PFisher = 0.0143;
Fig. 4d). This disruption also extended to OPC (–22.36%; Pχ2 < 0.0001),
oligodendrocytes (–7.38%; Pχ2 < 0.0001), and vascular cells (–3.68%;
Pχ2 < 0.0001) in G93A mice (Fig. 4d).

Pronounced ISGs upregulation in vascular endothelial cells
Further characterization of the transcriptional differences betweenG93A and
WT controls across all seven cell types identified 337DEGs in at least one cell
type. Of these, 303 were upregulated and 34 were downregulated in the
mutant [|Log2FC| > 0.5;Padjusted < 0.05; Fig. 4e].Validating our bulkRNA-seq
findings, GO enrichment analysis revealed that the upregulatedmodule were
enriched for processes related to the innate immune system and signaling via
the JAK-STAT pathway (Fig. 4f). Conversely, the downregulated module
across all cell types was enriched for functions associated with calcium ion
transport (e.g. GRIN2A, TSPOAP1, TRPC6), ATPase binding (e.g. ZNHIT6,
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TRPC5, ESR1), and neuronal action potential (e.g. TACR1, KCNH7,
CHRNA7) (Fig. 4f). Strikingly, although neurons being themost abundant of
cell-types, astrocytes exhibited the highest number of DEGs between G93A
and controls (31.25%), followed by neurons (20.25%) and oligodendrocytes
(19%). Pericytes and microglia each contributed 4.5% of DEGs (Fig. 4g).

Motivated by the basal induction of ISGs observed in SOD1mutants in
our longitudinal bulk RNA-seq, we hypothesized this would also be evident
at the single-nucleus level. Indeed, snRNA-seq analysis confirmed this, with
65 (16.88%, PFisher = 3.66 × 10−27) upregulated DEGs identified as ISGs. Of
these, 39 were co-induced by IFN-I and IFN-II, while 26 genes were
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specifically induced by IFN-I. Mirroring our bulk analysis of murine data-
sets, no IFN-II and IFN-III specific ISGswere found (Fig. 4h). Furthermore,
38 (9.87%)DEGs fromour time-course bulk analysis were also differentially
expressed at the single-nucleus level (Fig. 4i), with 18 identified as ISGs. This
suggests a similarity between the bulk tissue and single-nucleus data.
Unexpectedly, despite astrocytes harboring the highest number of DEGs
overall, vascular endothelial cells displayed the most robust upregulation of
ISGs in terms of fold-change magnitude. Key antiviral ISGs—including
OASL2 (Log2FC = 3.46, p = 8.21 × 10−7), IFIT1 (Log2FC = 4.76,
p = 1.05 × 10−5) and IFIT2 (Log2FC = 1.21, p = 2.73 × 10−6)—were upre-
gulated in endothelial cells at fold-changes exceeding those observed in
other cell types. Vascular endothelial cells also showed prominent induction
of CXCL12 (Log2FC = 1.87, p = 3.95 × 10−5), a potent lymphocytes
chemoattractant49, and CEBPD (Log2FC = 0.94, p = 9.23 × 10−5), the tran-
scription factor persistently elevated fromdisease onset to terminal stages in
bulk datasets from both G93A and G86Rmodels (Fig. 4j, lane 2). Microglia
and astrocytes also differentially expressed some of these ISGs, albeit at
lower fold-change magnitudes compared to vascular endothelial cells. In
contrast, neurons showed minimal differential expression of ISGs in the
G93A mutant (Fig. 4j, lane 3 and 4). This suggests that ISGs induction in
these populations is either less pronounced or largely below the threshold of
differential expression detection in this dataset. These distinct cell-type-
specific expression patterns highlight the previously unappreciated and
significant role of vascular endothelial cells in coordinating both IFN-I and
-II responses in SOD1-associated ALS.

Post-mortem ALS tissue versus murine ALS model
To examine gene expression similarities and differences betweenmouse and
human spinal cord regions,we conducted a comparative analysis using post-
mortem spinal cordRNA-seqdata from theNYGCALS cohort. This dataset
comprised samples from 421 ALS patients (223 cervical and 198 lumbar)
and 105 controls (52 cervical and 53 lumbar regions) (Fig. 5a). For this
purpose, our analysis focused on homologous genes shared between mice
and human, identified through orthologous information from the NCBI
HomoloGene system50. Following standard preprocessing and normal-
ization procedures, differential expression analysis was performed by com-
paring the RNA-seq signals between ALS and control samples to identify
aberrant gene expression in ALS. In the cervical region, 351 genes showed
significant differential expression between post-mortem ALS and control
spinal cord samples (FDR ≤ 0.05, |Log2-FC| ≥ 1), with 205 upregulated and
146 downregulated (Fold ≥ 2; FDR < 0.05; Fig. 5b, left). Among the most
highly upregulated genes were CCL18 (mean FC = 25.46), CHIT1 (mean
FC = 19.84), LINC01857 (mean FC = 10.41), and CHRNA1 (mean FC =
7.62). Conversely,CXCL11 (mean FC =−11.24),CSF3 (mean FC=−3.94),
VWA5B2 (mean FC =−3.01), SLC1A7 (mean FC =−2.89), andmicroRNA
4534 (MIR4534, mean FC =−2.68) were among the most markedly
repressed genes inALS subjects. The lumbar region showed 438DEGs, with
277 upregulated and 161 downregulated (Fold ≥ 2; FDR < 0.05; Fig. 5b,
right). Here, highly upregulated genes included XIRP2 (mean FC = 26.54),
CHIT1 (mean FC = 11.47), CHRNA1 (mean FC = 9.0), and DNAJC5B
(mean FC = 6.87). Notably, CHIT1 and CHRNA1 were consistently upre-
gulated across both spinal cord regions. CXCL11 (mean FC =−10.48) and
CSF3 (mean FC=−2.89) were again among the most downregulated genes

in the lumbar region. To understand the biological implications of these
DEGs, we performed GO term enrichment analysis. In the cervical region,
upregulatedgeneswereprimarily associatedwith immune-relatedpathways,
includingheightenedactivationof adaptive immune response.This included
the regulation of immune effector process (MR1, LGALS3, ACP5, SLAMF8),
T-cell activation (TYROBP, CD84, IL18, FCER1G; enrichment
p = 2.2 × 10−7); MHC Class II protein assembly (HLA-DQA1, HLA-DRA,
HLA-DRB5,HLA-DMB; enrichment p = 6.3 × 10−7), and antigenprocessing
and peptide presentation (CTSS, FCGR2B, HLA-DOA, HLA-DPB1;
enrichment p = 2.3 × 10−7), indicating an enhanced antigenic presentation
capacity (Fig. 5c). Notably, there was a strong enrichment in genes related to
leukocyte chemotaxis (CCL18, CCR7, CCL2, CCL20, CXCR4; enrichment
p = 2.3 × 10−7), and mononuclear cell migration (ANO6, PLA2G7, ANXA1,
SERPINE1; enrichment p = 2.0 × 10−7; Fig. 5c, left) was also observed, sug-
gesting active immune cell recruitment to the CNS. However, in auto-
immune conditions, such infiltration could bedetrimental, causingneuronal
damage. Additionally, an increased expression of genes positively regulating
cytokine production (GPNMB, PTPN22, CR1, IL2RA, CD44; enrichment
p = 2.1 × 10−7; Fig. 5c, left), indicating a pro-inflammatory environment in
post-mortem ALS tissue.

Consistent with the cervical region, analysis of upregulated genes in
the lumbar region revealed a strong association with immune-related
pathways. This included leukocyte-mediated immunity (IL18, CTSC,
CD84, FCGR1A; enrichment p = 3.9 × 10−5), regulation of leukocyte
differentiation (FGL2, EVI2B, CD86, CCR1; enrichment p = 4.3 × 10−5),
and positive regulation of T-cell activation (VNN1, IGF1, HLA-DMA,
HLA-DQA1; enrichment p = 4.3 × 10−5; Fig. 5c, right). Enhanced
expression of TYROBP, IL17B, LAPTM5 and CYBB within the cytokine
production pathway (enrichment p = 2.7 × 10−5, Fig. 5c, right) further
supports a pro-inflammatory environment. Moreover, significant
enrichment of genes linked to bacterial responses (LY96, LY86, SCIMP,
TLR5, TLR8; enrichment p = 1.7 × 10−5; Fig. 5c, right) suggests an active
role for innate immune sensing pathways, such as those involving Toll-
like receptors in promoting inflammation driven by cytokines, including
IFNs, chemokines, interleukins and TNF family members. In contrast,
downregulated genes in the lumbar region were enriched for functions
related to cell locomotion, motility, migration, microtubule organization,
and dynein assembly (enrichment p < 0.05; Fig. 5d; right). These processes
are crucial for neuronal function, and their downregulation implies
functional deficits contributing to neuronal dysfunction and death. The
observed decrease in dynein expression is particularly notable, as dynein
plays vital roles in mitochondrial movement51, trafficking of vesicles and
misfolded proteins52, nuclear positioning53, and mitosis54. Our findings
align with existing literature that implicates dynein and microtubule
dysfunction in ALS and other neurodegenerative diseases.

Shifting to the cervical region, we observed a preferential down-
regulation of transcripts involved in Ca2+ ions-mediated signaling (CAC-
NA1B, TRPV6, NTSR, GRIN1), dendrites morphogenesis (SRCIN1,
SHANK1, SHANK3, CUX2), and membrane depolarization (CNGB1,
HCN4) (enrichment p < 0.02; Fig. 5d; left). These processes are crucial for
efficient neurotransmission, and their downregulation suggests ALS-
associated synaptic dysfunction and may contribute to neuronal hypoex-
citability in motor neurons innervating muscle fibers.

Fig. 4 | Expression changes across seven cell types in SOD1-ALS. a t-SNE and
assignment of 14,662 cells to 7 cell types: astrocytes (C1); vascular cells (C2); oli-
godendrocytes (C3); neurons (C4); OPC (C5); microglia (C6); and pericytes (C7).
b Percentage for each cell type in G93A versus WT controls (n = 6 per group).
c t-SNE of vascular and neurons populations reclustered into three subpopulations:
endothelial; GABAergic neurons; and Glutamatergic neurons. Total number of cells
for each subpopulation were indicated. d t-SNE projection (i) and percentage
quantification (ii) of all seven major and subclustered cell types with genotyping
data. e Volcano plot of differential gene expression [Log2(G93A/WT)] in G93A
mutant vs WT control mice based on normalized gene expression values.

Significantly dysregulated genes [5% FDR (Benjamini-Hochberg-corrected p-
value)] are indicated in red (upregulated; red dotted line: Log2FC ≥ 1.0) and green
(downregulated; green dotted line: Log2FC ≤ -1.0). f Pathway analysis (GO) was
performed using g:Profiler database (Reactome, Biological Process, Molecular
Function, and Cellular Component). g The distribution of DEGs proportions across
all cell clusters. Venn diagram illustrates the classification of ISGs upon analysis by
INTERFEROME (h), and the shared DEGs between bulk and snRNA-seq (i).
j Normalized expression values of indicated differentially expressed ISGs were
plotted as violin plots with genes as rows and clusters as columns (Lane 1-8).
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Fig. 5 | Enrichment of interferon-associated immune signatures in ALS hiPSCs
and post-mortem spinal cord tissues. a Schematic representation of the human
CNS illustrating the anatomical regions of the spinal cord, including the cervical,
thoracic and lumbar regions. bVolcano plots of normalized differentially expressed
genes (│Log2FC│≥ 1, FDR < 0.05) in post-mortemALS patient tissue obtained from
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IFN-I and IFN-II ISGs expression in terminal stage of sporadic
ALS patients
The IFN response, recently identified as a key driver of inflammation in
ALS14–16, has been extensively studied in mouse models. However, its rele-
vance to human ALS, including sporadic cases, remains scarce. To address
this knowledge gap, we sought to determine whether the upregulation of
IFN-I and IFN-II-associated ISGs observed in SOD1 mutant mice also
extends to human ALS. Beginning with sALS, we analyzed significantly
upregulated genes from both cervical and lumbar region using the
INTERFEROME database. Our analysis revealed that a significant portion
of 26% (54 out of 205 genes, PFisher = 1.57 × 10−23) among the upregulated
genes in the cervical region are ISGs. Similarly, approximately of 20.2% (56
out of 277, PFisher = 1.66 × 10−18) of the upregulated genes in the lumbar
region were identified as ISGs (Fig. 5e). As expected, the proportion of ISGs
among downregulated genes was low (<10%), with just approximately 3%
and 7% in the cervical and lumbar regions, respectively (Fig. 5e). To our
surprised, a significant portion of ISGs showed exclusive dependence on
IFN-II (IFN-γ) rather than IFN-I (IFN-α/β). Approximately 26% (14 out of
54) of upregulated ISGs in the cervical region and 25%(14/56) in the lumbar
region were specifically regulated by IFN-II, with the rest co-regulated
by IFN-I and IFN-II. Consistent with mouse models, IFN-III (IFN-ƛ) was
not involved (Fig. 5e). This finding contrasts with murine ALS models,
where a significant portion of ISGs are IFN-I dependent, suggesting that in
terminal-stage sporadic ALS patients, IFN-II is the primary driver of ISGs
expression.

We therefore initiated a comparative analysis of gene content between
murine and human sporadic ALS transcriptomes to address the observed
discrepancies. As the human dataset originated from terminal post-mortem
spinal cord tissue, we selected P119-P150 terminal stage of themurinemodel
for comparison. We first collated all upregulated genes (mean FC ≥ 2.0,
FDR< 0.05) in the G93A model from P119 to P150, identifying 1293 sig-
nificantly upregulated genes during the late stages. Comparing these genes to
those upregulated genes in the human cervical and lumbar region revealed a
modest overlap: only 73 genes (∽5.6%) in the mouse model were also
upregulated in the human cervical region, and 67 genes (∽5.2%) in the
human lumbar region (Fig. 5f, upper). In contrast, several genes displayed
opposing expression patterns between two species. For examples, CXCL10
and NOTCH4 were upregulated in G93A model but downregulated in the
human cervical spinal cord, and five upregulated murine genes were shared
with the downregulated cluster in the human lumbar region (Fig. 5f, upper).
Notably, a significant portion of these shared genes are ISGs, comprising
approximately 30.14% (22/73, PFisher = 6.61 × 10

−12) in the cervical region
and28.36%(19/67,PFisher = 5.48 × 10

−10) in the lumbar region (Fig. 5f, lower).
The relatively low percentage of shared upregulated genes prompted us to
consider the possibility that the non-overlapping genes found in humans
might be downregulated in the murine model.

However, comparing the significantly downregulated genes in G93A
murine model against the human transcriptome revealed no significant
shared genes with the upregulated gene clusters in either the cervical or
lumbar regions (Fig. 5g). This suggests that opposing gene regulation in the
mouse does not account for the limited overlap. The downregulated gene
cluster in the late-terminal G93Amodel also showed minimal similarity to
the human downregulated profile, with only three genes (RGS11, GRID2IP,
CFAP46) shared between the G93A model and the human lumbar spinal
cord (Fig. 5g).We also compared the G86Rmurinemodel at P95 to human
ALS. Despite disease stage differences, we consistently observed shared
upregulated genes with both the cervical (∽11.3%, 34 genes) and lumbar
(∽10.3%, 31 genes) regions (Fig. 5h). This group includes a substantial
number of ISGs, such as SLAMF8, ADORA3, CD84, CD86, and RNASE4.
Similar to the G93A comparison, no shared downregulated genes were
found (Fig. 5h). Collectively, ourfindings suggest thatmice and humanALS
models consistently share a small subset of upregulated genes, many of
which are ISGs. However, both species clearly exhibit distinct dysregulated
expression profiles within both up- and downregulated clusters, irrespective
of disease stage or mutation type.

We hypothesized that genes significantly differentially expressed in
human ALS might not show differential expression in mice during the late
terminal stage. To test this, we compared human DEGs with genes in mice
identified as statistically significant but not differentially expressed
(FDR < 0.05, mean FC ≤ 2.0). We found a minor overlapped between these
mouse genes and upregulated genes in human: 5.4% (11 out of 205 genes) in
the cervical region and 5.8% (16 out of 277 genes) in the lumbar region
(Fig. 5i). On the contrary, although the percentage remained small, we
observed a slightly higher number of genes within the non-DEGs cluster in
mice corresponding with the downregulated cluster in humans, accounting
for 17.1% (25 out of 146 genes) in the cervical region, and 5.6% (9 out of 161
genes) in the lumbar region (Fig. 5i). This limited overlap suggests that non-
differential expression inmice does not fully explain the differences between
human andmouse ALS gene expression profiles. Therefore, we investigated
whether DEGs from the late terminal stage of murine G93A model were
non-differentially expressed in human ALS samples. Of the 11,637 genes
classified as significant but not differentially express in human cervical
spinal cord, 653 genes sharedwith the upregulated gene cluster in the P119-
P150 stage of the G93A model. This represents 50.5% (653 out of 1293
genes) of the upregulated cluster in the G93Amodel, a substantial increase
compared to only 5.6% (73 out of 1293 genes) shared with the upregulated
cluster of the cervical spinal cord region (Fig. 5j, left). Similarly, 50.7% (656
out of 1293 genes) of the upregulated cluster in G93A model overlapped
with the non-DEG inhuman lumbar region, a drastic increase of 26.5% (589
genes) compared to only 5.2% (67 out of 1293 genes) shared with the
upregulated cluster in lumbar region (Fig. 5j, right). A similar trend emerged
in the analysis of downregulated cluster. Approximately 45.9% (84 out of
183 genes) of downregulatedG93A genes overlapped with non-DEG in the
human cervical region (Fig. 5j, left). This represents a drastic increase
compared to the absence of overlap with downregulated cervical cluster. In
contrast, a smaller yet substantial 39.8% (73 out of 183 genes) of down-
regulated G93A genes overlapped with non-DEGs in lumbar region. This
highlights a pronounced 38.2% (70 genes) difference relative to theminimal
1.6% (3 out of 183 genes) shared with the downregulated lumbar cluster
(Fig. 5j, right). These results suggest that the limited shared DEGs between
human sporadic ALS and the G93Amodel primarily stem from the human
orthologs of murine DEGs showing no significant change in expression
between human ALS cases and healthy controls, despite the shared disease
phenotype. This highlights distinct species-specific gene expression profiles,
even at comparable disease stages. Therefore, translating findings from
mouse models to human ALS requires careful interpretation and
consideration.

Nevertheless, broad characterization of transcriptomic effects reveals
close resemblance between human post-mortem ALS spinal cord cohort
and the murine model across disease progression (P84-P150). This simi-
larity is particularly evident when examining upregulated biological pro-
cesses identified through GO analysis. Genes and pathways consistently
upregulated throughout this disease continuum are predominantly asso-
ciated with immune response, including immune cell activation, IFN-I
(IFNA1, IFNA4, IFNB1) and IFN-II (IFNG) signaling, and chemokine
production (Fig. 5k). These findings suggest widespread immune hyper-
activation within the ALS spinal cord region, further corroborating the
presence of a highly inflammatory systemic immune signature in both
human and mouse ALS models.

iPSC-derived astrocytes resources
The limited availability of relevant human tissue samples remains a major
challenge in ALS research. While post-mortem spinal cord tissues provide
valuable insights, they represent end-stage disease with significant cell loss.
To overcome this limitation and study the disease processes in a more
controlled setting, we utilized hiPSCs. These versatile cells can be differ-
entiated into various disease-relevant cell types, allowing us to model the
complex etiology of ALS in vitro. Furthermore, using hiPSCs derived from
individuals with SOD1 mutations enables direct comparison between the
SOD1 mutant mouse model and a human system, providing a more
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physiologically relevant context for studying the effects of SOD1mutations.
Inflammation is a hallmark of ALS, with microglia and astrocytes playing
critical roles. While we aimed to investigate both cell types, a comparable
dataset for iPSC-derived microglia was unavailable. Therefore, we focused
on iPSC-derived astrocytes.We directly evaluated hiPSC-derived astrocytes
from patients carrying mutations in SOD155, C9orf7256, VCP57, and FUS58.
Data from all studies were processed using the same standardized pipeline
and quality control metrics (Fig. 5l). Our analysis of DEGs revealed a
consistent pattern across all four ALS-linked mutations (13 mutant lines
and 14 control lines). Approximately ∽15% (PFisher = 8.64 × 10−16) of
upregulated genes in at least one mutation to be ISGs, while the proportion
of ISGs within the downregulated cluster was significantly lower (∽3%)
(Fig. 5m). Further breakdown revealed 42 genes co-regulated by IFN-I and
-II, while 30 genes were specifically responsive to IFN-II. No genes were
identified tobe regulated solely by IFN-I and -III (Fig. 5m). This enrichment
of ISGs, particularly those driven by IFN-II, mirrored findings in sporadic
spinal cord tissue.

To assess the conservation of these signatures between human and
mouse models, we compared our hiPSC ALS dataset with mouse ALS
astrocytes models59. This analysis identified 41 genes commonly upregu-
latedand83genes commonlydownregulated inboth species.GOanalysis of
these shared DEGs revealed enrichment of genes associated with apoptosis
and programmed cell death in the upregulated cluster (Fig. 5n). Meta-
analysis of murine transcriptomic datasets longitudinally further validated
this finding, demonstrating a strong correlation between the expression of
IFN-I and IFN-II-induced ISGs and the upregulation of various cell death-
related genes in G93A mice (median Pearson RG93A = 0.825) (Supple-
mentary Fig. 8). Specifically, we observed increased expression of genes
associated with inflammasome (NLRC3, NLRC5, AIM2), proapoptotic
factors (AIF1, HRK, BMF), extrinsic apoptosis (type I cell death, e.g. FAS,
TNFSFs), autophagy (type II cell death,VAMP8, STX11, SNAP23, LAMP1),
and necrosis (type III cell death, RIPK1, RIPK3, RIPK4) (Supplementary
Fig. 8). Similar trends were noted for multiple caspase family genes,
including initiator caspase CASP8, executioner caspase CASP6, and other
caspases (CASP1, CASP4, CASP12). Concurrently, transcription factors
known to directly or indirectly trigger cell death, such as JUN, JUNB, ATF3,
NF-kBs, E2F8, FOXO1, and IRFs, were also upregulated in G93A mice
(Supplementary Fig. 8). These findings collectively highlight the pivotal role
of IFN-mediated programmed cell death in the pathogenesis of SOD1-
associated ALS, providing a molecular basis for the improved muscle
function and prolonged survival in our previous study upon IFNAR-
blockade14. In agreement with this, pathways related to paralysis due to loss
of supportive functions, such as neuromuscular and synapses development
were enriched in the downregulated cluster (Fig. 5n). Notably, ISGs
remained consistently present among the shared DEGs, with a higher
proportion identified within the upregulated cluster (approximately 26%)
compared to the downregulated cluster (approximately 7.4%) (Fig. 5n).We
next examined the conservation of SAAS panel members across human
samples. Of the five members, both CCL9 and TIMP1 were detected in
sporadic ALS tissues and hiPSC-derived astrocytes. In summary, our
findings in the iPSC-derived astrocytes model reinforce previous observa-
tions in murine and human spinal cord tissues. They collectively demon-
strate a gain of inflammatory processes and a loss of supportive functions
due to extensive cell death in both human and mouse ALS models.
Importantly, this study strengthens the evidence for consistent presence of
IFN-I, IFN-II and their associated ISGs in a physiologically relevant human
ALS model system.

SOD1 ALSmutation drive type II interferon production via STING
and TBK1
To further elucidate the underlying mechanisms, we focused on ATF3, an
ISG and SAAS member, ATF3 was persistently upregulated from P56
through P150 in SOD1-ALS model, leading us to hypothesize that it might
modulate the heightened inflammatory responses, including IFN signaling.
To investigate this, we utilized small-interfering RNA (siRNA) to inhibit

ATF3 expression in the human microglia cell line HMC3. Two siRNAs
targeting ATF3 (#1, #2) displayed significant knockdown efficiency and
were selected for further analysis (Fig. 6a). Following siRNA-mediated
ATF3 knockdown, cells were transfected with plasmids expressing ALS-
causing SOD1 mutants and subsequently analyzed for gene expression.
Notably, IFNB1, IFNG, and a IFN-II specific ISG CXCL960 expression
increased significantly in ATF3 siRNA-treated cells compared to control
siRNA-treated cells upon expression of G93A and G85R mutants (Fig. 6a).
A similar increasedwas observedwith the positive control, synthetic dsRNA
mimic poly(I:C), which triggers IFN-I and -II responses (Fig. 6a). These
results indicate that ATF3 depletion exacerbates the IFN-I and -II response,
suggesting that ATF3 acts as a negative regulator of IFN-and other pro-
inflammatory signaling pathways.

Given the previous implication of STING in ALS progression14,15, we
sought to investigate its potential role in IFN-II induction. For this purpose,
we utilized bothWTHEK293T cells (293TWT) and HEK293T cells stably
expressing low levels of STING (293T STING). It is well-known that 293T
WT cells deficient in STING component61, and this pathway was restored
upon reconstitution with low level of STING (Fig. 6b). IFN-II (IFN-γ)
activated GAS element and ISRE luciferase reporter assays were performed
in these HEK293T cells co-expressing either an empty vector or SOD1
mutants. Consistent with our previous report14, all three SOD1 mutants
(G93A, G85R and D90A) robustly induced IFN-I ISRE luciferase reporter
activity in 293T STING but not in 293TWT cells (Fig. 6c), confirming the
importance of STING pathway in SOD1 mutants-mediated IFN-I induc-
tion. Similarly, and in accordancewith the positive controls usingHT-DNA
and recombinant IFN-γ, SOD1 mutant constructs were capable of acti-
vating IFN-γ-specificGAS luciferase reporters in a dose-dependentmanner
within 293T STING cells (Fig. 6c, middle and right); these effects, in turn,
were significantly abrogated in 293TWT cells (Fig. 6c, left). Thus, the data
suggest that STING is necessary for the induction of IFN-II responses by
ALS-causing SOD1 mutants.

To further substantiate our findings, we employed a loss-of-function
approach. siRNA targeting STING efficiently inhibit the expression of
endogenousSTING,while siRNAagainstMAVSserved as apositive control
for dsRNA sensing via the RIG-I-receptor pathway (Fig. 6d). We then
measured the mRNA levels of IFNG, and the ISGs IRF7 and EIF2AK2 by
RT-qPCR. The results showed a significant (P < 0.001) decrease in IFNG
mRNA induction in G93A-expressing cells transfected with siSTING
compared to those transfected with control siRNAs (Fig. 6e). A similar
decreasewasobserved inmRNAlevels of IRF7 andEIF2AK2, ISGs regulated
byboth IFN-I and -II60 (Fig. 6e). In contrast, poly(I:C)-induced IFN-I and -II
responses were unaffected by STING depletion, while siRNA targeting
MAVS, a critical RIG-signaling adaptor, significantly abrogated the
response (Fig. 6e). To ascertain the role of STING in SOD1 mutant-
mediated IFN-II responses, we measured the expression of IFN-II specific
ISGs via RT-qPCR60. Results consistently showed a significant reduction in
the mRNA induction of CXCL9, IFITM1, GPR146 and TRIB3 in SOD1
mutant-expressing cells transfected with siSTING compared to control
(Fig. 6f). We then extended this investigation by examining the role of
TBK1, a downstream effector of STING. siRNA-mediated knockdown of
TBK1 in humanmicroglia cells significantly reduced the expression of IFN-
II-specific ISGs (TRIB3 and GPR146) and IFNGmRNA (Fig. 6g). Next, we
used fludarabine, a STAT1 inhibitor, to test the dependence of IFN-γ-
specific ISGs induction on STAT1 homodimerization. Fludarabine treat-
ment significantly (P < 0.001) abrogated both G93A and G85R-induced
expression of TRIB3 and GPR146 (Fig. 6h). In comparison, the NF-κB
inhibitor, SN50, had minimal effect on TRIB3 and GPR146 mRNA
expression (Fig. 6h). Collectively, these results demonstrate that STING-
TBK1 axis is essential for SOD1 mutant-induced IFN-II responses, high-
lighting the importance of the DNA sensing pathway in this ALS model.

In summary, our findings present a previously unreported mechan-
ism whereby misfolded SOD1 triggers a complex inflammatory response.
We demonstrate that misfolded SOD1 induces STING activation, leading
to the production of both Type I (IFN-α/β) and Type II IFN (IFN-γ)

https://doi.org/10.1038/s42003-025-07790-w Article

Communications Biology |           (2025) 8:347 14

www.nature.com/commsbio


(Fig. 7). This, in turn, drives the expression of various ISGs, including both
pro-inflammatory and anti-inflammatory mediators like ATF3 (Fig. 7).
While this study focused primarily on SOD1-mediatedALS, we observed a
consistent upregulation of IFN-I, IFN-II, and their associated ISGs in
sporadic ALS patients as well. This suggests that the inflammatory path-
ways activated by misfolded SOD1, including the IFN axis and the
downstream ISG response, may also play a role in sALS, where the
underlying triggers of neuroinflammation are less well-defined. However,

further research is required to fully elucidate the specific contributions of
these pathways to the pathogenesis of sALS. The presence of SAAS panel
members and IFN-I and -II-associated ISGs throughout disease progres-
sion (pre-symptomatic, onset, and post-symptomatic) suggests their
potential utility as biomarkers for improved diagnosis and monitoring of
ALS, particularly in cases associated with misfolded SOD1. Our study also
highlights a previously unreported role for STING in mediating IFN-γ-
dependent responses in the context of misfolded protein pathologies.
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Discussion
ALS is characterized by a prolonged pre-symptomatic phase during which
progressive motor neuron degeneration precedes clinical symptom onset62.
This insidious progression complicates early therapeutic intervention, as
irreversible neuronal loss often occurs before diagnosis. Inflammation is
increasingly recognized as a critical factor in ALS pathogenesis, involving
complex cascade of molecular and cellular events. To understand the
temporal dynamics of these processes, we leveraged time-resolved expres-
sion data frommurinemodels, which uniquely enable longitudinal tracking
of early pre-symptomatic stages and disease progression—a critical
advantage over human studies reliant on post-mortem tissues capturing
only end-stage pathology.

Our prior work identified IFN-I and its associated ISGs asmediators of
neuroinflammation in SOD1-associated ALS14. However, the static design
of the study limited insights into IFN-I’s temporal contribution to disease
progression. It also remains unclear whether similar observations extend to
human ALS. Here, we adopted a longitudinal approach to map dynamic
gene expression changes throughout disease progression in mouse models.
Analysis of DEGs revealed six distinct clusters denoting diverse dynamic
trends, with Cluster 4 demonstrating a delayed, gradual increase in
expression enriched for inflammatory pathways. This cluster was

significantly upregulated in G93A mice compared to WT controls. Inte-
grated transcriptomic analysis across murine models, hiPSCs, and post-
mortem spinal cords confirmed conserved activation of antiviral responses
mediated by IFN-I. Unexpectedly, we also uncovered robust induction of
IFN-II and IFN-II-inducible ISGs in bothmurine and humanALS samples,
suggesting a cooperative role for both IFN families in disease mechanisms.
While ISGs signatures were detectable in end-stage sporadic ALS tissues,
clinical correlations between IFN-I and IFN-II levels and disease severity
were inconclusive. This implies that ISGs expression alonemay not reliably
reflect disease activity. Variability in systemic IFN-I and IFN-II levels across
patient cohorts, compounded by a lack of longitudinal autoantibody data,
further complicates these associations. Nevertheless, our murine SOD1
model findings strongly implicate IFN pathways in ALS progression. In our
longitudinal studies based on available genome-wide datasets, we con-
sistently identified IFN-I and -II signatures in up to 40% of cases. This may
explain the effectiveness of targeting IFN-I receptor (i.e. IFNAR) in ameli-
orating the disease in SOD1 murine model14.

Our study also uncovered key species-specific differences between
murine and humanALS.While broadly similar GO terms were enriched in
both, a substantial fraction of murine DEGs lack conservation in human
samples. For instance, CXCL10, a key chemoattractant for activated CD4+

Fig. 6 | STING-TBK1-dependent induction of Type II interferon responses in
ALS model. a qPCR validation of the knockdown efficiency for ATF3 upon siRNA
transfection in humanmicroglia cells HMC3 (n = 3 per group). siRNA#2 were used.
HMC3 cells were co-transfected with indicated siRNAs (50 nM) and expression
vector (0.1 mg) for 48 h (n = 6 per group). Type I IFN gene (IFNB1), Type II IFN
gene (IFNG), and IFNG-specific induced ISG (CXCL9) mRNA expressions were
determined by RT-qPCR. Schematic diagram showing the experimental design.
HEK293TWTandHEK293T expressing STINGLow cells were transfected either with
pISRE-F-Luc or pGAS-F-Luc (n = 3 per group) (b). The transactivation of the
reporter was assessed after 24 h (c). d–fKnockdown efficiency of STING andMAVS
was measured (n = 3 per group) (d). HMC3 cells were co-transfected with siRNAs
(50 nM) together either with SOD1 expression vector (0.1 mg) or poly(I:C) (0.1 mg)
(n = 6per group). IFNG, IRF7, EIF2AK2 (e),CXCL9, IFITM1, GPR146 andTRIB3 (f)

mRNAwasmeasured via RT-qPCR. gKnockdown efficiency of TBK1was evaluated
(n = 3 per group). HMC3 cells were co-transfected with siRNAs (50 nM) together
either with SOD1 expression vector (0.1 mg) or poly(I:C) (0.1 mg). IFNG, GPR146
and TRIB3mRNA was measured via RT-qPCR. hTRIB3 and GPR146mRNA levels
inHMC3-expressing indicated expression vectors after pre-treatmentwith [Vehicle:
dimethyl sulfoxide (DMSO)], SN50 (10 mM, 24 h), or fludarabine (10 mM, 24 h)
(n = 6 per group for each treatment). All expressions levels using qPCR were nor-
malized against β-actin mRNA. Data represent the mean of at least three indepen-
dent experiments with n = 3 biological replicates (mean ± SEM). Number of data-
points = number of biological replicates. Unpaired student t-test with Welch’s
correction in a, c (graph on left)-h or one-way ANOVAwith Bonferroni post-test in
c (graph at center and right). P-values are shown within each graph, with baseline
p < 0.05 considered statistically significant.

Fig. 7 | Summary of themain findings. Aberrant accumulation ofmisfolded SOD1
leads to increased expression of Type I and II IFN-inducible genes. Among these
genes, a subset dependent on STAT1 activation, including ATF3, CXCL9, and

ZFP36, show enhanced expression across different ALS stages. These genes pri-
marily serve anti-inflammatory functions, acting as negative feedback loops to
regulate the cytokine storm.
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and CD8+ T-cells63,64, was strongly upregulated in murine models, begin-
ning as early as P95 (G86R) and P84 (G93A) and progressively increasing
through end-stage disease. However, in human ALS, CXCL10 was repres-
sed. Despite this discrepancy, T-cell infiltration persists in human ALS
tissues65–67, consistent with observations in mouse models14,68,69. This sug-
gests that other chemoattractants, such asCCL2, CCL18, andCCL20, which
were strongly upregulated in human ALS, may compensate for the reduced
CXCL10 to facilitate T-cell recruitment. Furthermore, we identified a fun-
damental divergence in IFN responses between species. In the mouse ALS
models, therewas apredominant inductionof IFN-I specific ISGs,which are
typically associated with antiviral defense mechanisms, endogenous retro-
elements activity, or viral-like processes. This association underpinned early
ALS clinical trials, where researchers hypothesized a viral etiology based on
clinical similarities with late post-polio syndrome, the presence of circu-
lating viral-related immune antigens, and the detection of virus-like inclu-
sions inALSpatients70–74. Consequently, recombinant IFN-α/βwas tested as
a potential treatment. However, these trials ultimately demonstrated that
IFN-I administration neither ameliorated nor exacerbated disease
progression75–79, challenging the viral hypothesis ofALS.Ourfindings offer a
potential explanation for this outcome: human sALS and SOD1-mutant
iPSCs showed pronounced basal induction of IFN-II-specific ISGs, con-
trasting with the predominant IFN-I response inmice. This species-specific
divergence in IFN signaling likely explains the inefficacy of IFN-I-targeted
therapies in humans andunderscores the need to prioritize IFN-II pathways
in translational research. The basis for these differences remains unclear but
likely stems from environmental or genetic factors that shape divergent
immune landscapes. Our earlier GO analysis of human samples identified
enriched adaptive immune pathways within the upregulated cluster, and
subsequent ISGs analysis pinpointed IFN-γ (IFN-II) as a key driver. Con-
sistent with IFN-γ’s central role in adaptive immunity, its prominence in
human ALS suggests a pronounced IFN-II-driven response, distinct from
the disease trajectory in murine models. Such distinctions highlight the
challenges of translating murine mechanistic insights into human ther-
apeutics and reinforce the need to prioritize human-relevant models in
preclinical studies.

Integrating population genetics with snRNA-seq data enabled us to
assess cell-context-specific expression and ascribe functionality to ALS-
associated variants. InG93Amutants, we observed a pronounced reduction
in neuronal populations, consistent with the progressive motor neuron loss
and muscle paralysis characteristics of ALS. Notably, while differentially
expressed ISGswere detected acrossmultiple cell types, vascular endothelial
cells exhibited the most robust upregulation in terms of fold-change mag-
nitude. This is finding particularly salient given the established link between
ALS and endothelial dysfunction, which disproportionately impacts the
blood-spinal cord barrier (BSCB). Murine models recapitulating ALS
pathology demonstrate severe reductions in BSCB capillary length80, while
ALS patients exhibit structural compromise of BSCB endothelial cells81,
leading to barrier permeability, elevated immunoglobulin G levels, and
immune cell infiltration into theCSF,motor cortex and spinal cord82–84. The
pronounced ISGs induction we observed in endothelial cells suggests an
active IFN-dependent inflammatory process localized to the vasculature.
Such sustained ISGs activation may exacerbate BSCB dysfunction, pro-
moting immune cell trafficking and amplifying neuroinflammatory cas-
cades that drive disease progression.Notably,while astrocytes andmicroglia
alsodifferentially expressed ISGs,wedetectednodifferential upregulationof
IFNB1, IFNA or IFNG in any cell cluster within this snRNA-seq dataset.
This contrasts with observations from bulk sequencing, raising critical
questions about the cellular origins of IFN-I and IFN-II in this context.
Potential sources include paracrine signaling from infiltrating immune cells
or non-cell-autonomous IFN production that remains undetectable at the
single-nucleus resolution employed here. Longitudinal snRNA-seq profil-
ing with expanded cell numbers could help resolve these dynamics and
clarify how spatiotemporal IFN signaling orchestrates neurovascular
inflammation in ALS.

Finally, we investigated the mechanistic role of STING-TBK1 in IFN-
II-inducible ISGs expression in SOD1 proteinopathy. Genetic depletion of
STING and TBK1 significantly reduced IFN-II-specific ISGs induction
in vitro, suggesting a relationship between STING-TBK1 dysregulation and
misfolded SOD1-driven IFN-II response. This pathway may contribute to
ALS severity by amplifying neuroinflammatory cascade. While our use of
the INTERFEROME database has provided valuable insights into ISGs,
establishing a definitive link between IFN-II signaling and disease pro-
gression will require further investigation. Future studies should consider
crossbreeding IFNGR-knockout mice with SOD1-mutant murine models
to directly test whether attenuating IFN-II signaling mitigates ALS-
associated neurodegeneration.

In summary, our results collectively implicate sustained activation of
both IFN-I and IFN-II pathways as potential biomarkers and drivers of ALS
progression. The persistent upregulation of IFN-I/II and their downstream
ISGs—particularly the robust co-induction observed across pathways—
suggests a coordinated interplay that exacerbatesneuroinflammation.These
results align with growing evidence of IFN pathway dysregulation in ALS
and other neurological disorders85–87. By mechanistic connecting STING-
TBK1 signaling to IFN-II responses in SOD1-associated ALS, our study
identifies previously unrecognized therapeutic targets. Elucidating the dis-
tinct contributions of IFN-I/II pathways and their effector ISGs could
advance strategies for early diagnosis and precision therapies in ALS.

Methods
Public data collection, eligibility criteria, RNA-seq processing
and quality control
We thoroughly searched public data repository including NCBI Gene
Expression Omnibus (GEO; https://www.ncbi.nlm.nih.gov/geo/), NCBI
Sequence Read Archive (SRA; https://www.ncbi.nlm.nih.gov/sra), and EBI
ArrayExpress (https://www.ebi.ac.uk/arrayexpress/) for all eligible ALS
expression datasets. Our search strategy incorporated keywords such as
“SOD1”, “ALS”, “amyotrophic lateral sclerosis”, “spinal cord”, “time-points/
course” and “RNA-seq”. Sequencing datasets matching the same murine
background strain (C57BL/6) and covering the data range from inception to
2022 were selected. The final search was conducted on December 31, 2022.
For murine integrative analysis, we included a total of six datasets
(GSE173524, GSE184484, GSE43879, GSE106803, GSE142654, and
GSE106364) fromdistinct independent studies of ALS. Post-mortem spinal
cord ALS RNA-seq samples were obtained from samples from the New
York Genome Centre (NYGC) ALS Consortium cohort, with the GEO
accession number of GSE137810. Although this large cohort datasets con-
tained human samples derived from other regions of CNS, we specifically
selected cervical spinal cord samples (n = 275 samples) and lumbar spinal
cord samples (n = 255 samples) from both ALS patients and healthy con-
trols for analysis. Diagnosis was determined by each contributing site.
Additionally, we identified and integrated a total of six publicly available
RNA-seq datasets for hiPSC-astrocytes related to VCP (GSE99843,
GSE98288, GSE160133), SOD1 (GSE102902), C9orf72 (GSE142730), and
FUS (GSE196219) into the meta-analyses.

GALAXY (https://usegalaxy.org/), a web-based computational plat-
form, was employed for analyzing FASTQ files in this study. The FASTQ
files obtained from the aforementioned samples’ GEO accession numbers
were uniformly processed in GALAXY88,89 using the tool “Faster Download
and Extract Reads in FASTQ” (v2.11.0). Quality control of the FASTQ files
was performed using FastQC (v0.73). Poor-quality reads with a Phred
quality score below 20 and reads shorter than 20 base pairs were eliminated
using Cutadapt (v4.0), and ribosomal RNA removal were performed with
SortMeRNA (v4.3.6)90. SortMeRNA was run with default parameters, uti-
lizing the built-in rRNA reference databases derived fromSILVA, Rfamand
other resources. These databases provide a comprehensive collection of
rRNAsequences for bacteria, archaea, and eukaryotes.On average, less than
5% of the reads in each sample were identified as rRNA and excluded from
downstream analysis. Samples with rRNA content exceeding 10% were

https://doi.org/10.1038/s42003-025-07790-w Article

Communications Biology |           (2025) 8:347 17

https://www.ncbi.nlm.nih.gov/geo/
https://www.ncbi.nlm.nih.gov/sra
https://www.ebi.ac.uk/arrayexpress/
https://usegalaxy.org/
www.nature.com/commsbio


excluded to ensure high-quality input for subsequent analyses. All analyzed
samples met this criterion. We obtained Gene Transfer Format (GTF) files
for the complete GRCh38/hg38 human reference genome and the complete
mouse reference genome GRCm38/mm10 from the UCSC Genome
Browser91,92. These files served as input for the splice-aware aligner, STAR
v2.7.1, to align RNA-sequencing reads to both respective genomes. BAM-
level quantification with Salmon was conducted. Gene expression in raw
counts wasmeasured using FeatureCounts (v2.0.1), counting only uniquely
mapped reads. The integrated samples’ RNA-sequencing data also under-
went other extensive quality control analysis, including RSeQC, Qualimap,
dupRadar, Preseq, SAMtools, and Picard (v2.22.3), with results collated
using MultiQC (v1.8). Additionally, Gene Body Coverage (v2.6.4.3) were
employed to analyze the uniformity of RNA-sequencing read coverage,
while Read Distribution (v2.6.4.1) was used to analyze the distribution of
mapped reads across different genomic features, including exon, intron, and
intergenic regions. Infer Experiment (v2.6.4.1) determined the orientation
of sequencing reads relative to the reference genome to identify the
strandedness of the RNA-sequencing experiment.

We excluded datasets based on the following criteria: (i) not involving
the spinal cord as the primary data source; (ii) lacking a time-course study
design for murine species unless the sampling time-point(s) aligned with
our study objective; (iii) absence of misfolded SOD1 as the primary ALS
pathology in murine studies. For the human cohort, datasets from ALS-
TDP, ALS/AD, ALS/FTLD groups were excluded, as well as spinal cord
tissues from the thoracic segment, since this region is more associated with
trunk stability. Additional exclusion criteria included: (iv) unadjusted batch
effects between independent studies, such as different sequencing platforms
between ALS and controls; (v) the use of long-read sequencing, and single-
cell RNA-seq; and (vi) failure tomeet specific sequencing quality thresholds,
including a unique alignment rate below 90%, ribosomal bases of greater
than 10%, a mismatch rate over 1%, duplication rate greater than 0.5%,
intergenic bases below10.5%, and ribosomal bases above 0.1%.All RNA-seq
datasets included in our analysis passed these quality control thresholds,
with unique alignment rates exceeding 90%. This ensured the selection of
high-quality datasets for downstream analysis.

Differential expression analysis and GSEA
In this study, we conducted differential expression analysis using the edgeR
software package (v3.40.0)93 within R Studio (v4.2.2). Genes with a mini-
mumcountspermillion (CPM)of 10 in at least one samplewere retained for
analysis. This filtering strategy removes genes likely exhibiting background
noise rather than true biological expression, thereby focusing the analysis
with meaningful contributions to biological processes. To accurately model
the biological variability, we employed edgeR’s negative binomial dispersion
parameter for overall gene variability and the quasi-likelihooddispersion for
gene-specific biological variability93,94. The negative binomial distribution
was used to model the relationship between the variance and the mean of
gene expression levels.We employed a generalized linearmodel to fit count
data and separately estimate the dispersion parameter for each gene and
across samples. This estimated dispersion was then used in likelihood cal-
culations for accurately identifying differentially expressed genes. To
minimize false discoveries, we applied the Benjamini-Hochberg false dis-
covery rate (FDR) correctionmethod95.Geneswere considereddifferentially
expressed genes between SOD1-mutant and wild-type samples if they met
the criteria of FDR < 0.05 and a |Log2 fold change| ≥ 1.We performed gene
set enrichment analysis (GSEA) to identify enriched functional categories
among DEGs (FDR < 0.05). For our study, we used curated gene sets from
the Molecular Signatures Database (MSigDB)96. A ranked gene list was
generated based on log2-fold change values from the differential expression
analysis. This ranked gene list was used as input for GSEA, which calculates
an enrichment score (ES) for each gene set, reflecting the degree to which
genes in a particular set are overrepresented at the top or bottom of the
ranked gene list. The ES is then normalized to the size of the gene set,
yielding a normalized enrichment score (NES). Further permutation testing
was performedwhere sample labels were randomly shuffledmultiple times,

and the ES was recalculated for each permutation. This generates a null
distribution of NES values. Gene sets with an FDR < 0.05 were considered
significantly enriched. To define the background gene set for GSEA, we
included only those genes that had detectable expression in the tissue of
interest, specifically genes with a CPM of at least 10 in at least one sample.
This ensures that the background set is biologically relevant and reflects the
genes actively expressed in the studied tissue, rather than including all genes
in the genome. In parallel, we conducted overrepresentation analysis to test
for enrichment of Gene Ontology terms and the Kyoto Encyclopedia of
Genes and Genomes pathways among up- and downregulated genes
(FDR < 0.05, |Log2 fold change| ≥ 1). These analyses were conducted using
the clusterProfiler package (v4.7.0) in R-studio, with functional terms
considered significant at FDR < 0.05.

Differential expression results for post-mortem spinal cord ALS were
calculated by comparing ALS versus control samples. In brief, a data frame
with sample IDs and columns for age, sex, batch, library preparation
methods, and condition was created. A DGEList object was then created in
edgeR using raw gene expression counts and the covariate data frame. Lowly
expressedgeneswerefiltered out using a criterionofCPM≥10 in at least one
sample. Next, we estimated normalization factors using calcNormFactors
and then estimated the dispersion parameter using edgeR’s estimateDisp,
incorporating the design matrix formula: ~ batch + library_prep + age +
sex + condition. The model was then fitted using glmQLFit, and quasi-
likelihood F-tests were conducted using glmQLFTest to identify DEGs97. A
results table with log2 fold changes, p-values, and FDR-adjusted p-values
(FDR < 0.05) was extracted using topTags for downstream analysis.

Analysis of snRNA-seq data
Quality control and cell selection. Quality control and cell selection was
performed using the Seurat R package (v5.0.1) to analyzed the gene-count
matrix for GSE173524. This analysis included data scaling, transformation,
clustering, dimensionality reduction, and visualization. As an initial reference,
principal component analysiswasperformedonthevariable genes, and t-SNE
was run on the top 10 principal components using the Multicore-TSNE
package. Cell quality was assessed based on the following metrics: (i) the
number of genes forwhich at least one readwasmapped; (ii) the total number
of counts; and (iii) the percentage of reads mapped to mitochondrial genes,
often used to estimate endogenous RNA levels and assess cell quality. Cells
with a high mitochondrial-to-endogenous RNA ratio were removed, as this
suggests potential RNAdegradationdue to cell death or stress. Then, a unique
molecular identifier (UMI)of 200wasapplied for cell selection.This threshold
was established based on a previous pilot study98 demonstrating that the
default 10x Genomics cell-detection method failed to capture a significant
portion of the microglia population. Histogram analysis of cell density as a
function of UMI values confirmed 200 UMIs as the lower threshold for cell
filtering98. Based on these observations and subsequent scatter-plot analyses,
cells with fewer than 200 detected genes and those with a highmitochondrial
gene counts ratio (greater than 10%) were excluded. Outlier cells, identified
based on mitochondrial ratios using k-means clustering (k= 2), were also
removed. These filtering steps yielded 14,662 high quality nuclei for further
analyses.

Cell type annotation and clustering. Cell type annotation and clus-
tering were performed using a two-step process. First, each pre-cluster
was assigned a cell type label based on statistical enrichment of marker
genes and manual evaluation of known marker gene expression.
Enrichment was assessed using the hypergeometric distribution (Fisher’s
exact test) with FDR correction. Broad cell-type clusters were then
defined by grouping pre-clusters with the same cell type label. To identify
sub-clusters within each broad cell type, a second round of clustering was
performed independently on vascular cells and neurons. This resulted in
three distinct cell subsets. The final annotation was harmonized with the
Azimuth reference dataset using Seurat48. For each of the ten identified
clusters, the percentage of cells mapped to each Azimuth annotation was
calculated to assess concordance.
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Single-cell differential gene expression. Single-cell differential gene
expression analysis was performed using the FindMarkers function in
Seurat with Benjamini-Hochberg multiple testing correction. Genes
expressed (UMI count >0) in more than 10% of cells per cell type were
included in the analysis. Differentially expressed genes were defined as
those with an adjusted p-value < 0.05 and an average fold change ≥0.5
were considered. Gene Ontology enrichment analyses were then con-
ducted using gProfileR, with p-value ranked gene lists as input.

Correlation analysis. Spearman’s rank correlations coefficients were
calculated with the function rcorr in the hmisc R package (v5.1-3). The
correlation coefficients were visualized using the corrplot function, with
positive correlations displayed in red and negative correlations in green.

Cell lines and culture condition
Both HEK293T (#CRL-3216) and HMC3 cell lines (#CRL-3304) were
obtained from American Type Culture Collection (ATCC). Cells were
grown in Dulbecco’s modified Eagle medium containing 10% fetal bovine
serum (Gibco) and 1% penicillin-streptomycin-amphotericin B (SolarBio)
and cryopreserved in Cell Reservoir One solution (Nacalai Tesque) as low-
passage stocks. All cell lines were regularly tested for mycoplasma con-
taminationusingmycoplasmadetection kit (InvivoGen).All cell lines tested
mycoplasma negative.

RNA extraction and RT-qPCR
Gene expression analysis shown in Supplementary Fig. 4 utilized previously
extracted and purified RNA samples14. The transcript levels of indicated
genes was measured by reverse transcription quantitative PCR (RT-qPCR)
as previously described99. In brief, total RNA was extracted with TriQuick
reagent (SolarBio) according to the manufacturer’s instructions. We then
treated 100 ng of total RNAwith recombinant DNase I (10 units/uL; NEB)
at 37°C for one hour and purified the samples using phenol-chloroform
extraction. cDNA was synthesized from 100 ng of purified RNA using
SensiFAST cDNA synthesis kit (Bioline, Meridian BioScience). Subse-
quently, qPCR analysis was performed using SensiFAST SYBR (Bioline,
Meridian Bioscience) and specific probes (Supplementary Table 1).
Expression levels were normalized to the housekeeping genes ACTB and
calculated using the 2–ΔΔCt method.

RNA interference and plasmid expression
For knockdown experiments, we transfected cells with siRNA (Stealth
RNAi, ThermoFisher Scientific) using the Lipofectamine RNAiMax
(ThermoFisher Scientific) in accordance with the manufacturer’s instruc-
tions.Knockdownefficiencywas confirmedbyqRT-PCR.Primer sequences
are listed in SupplementaryTable 1. Expressionvectors are transfectedusing
JetPrime (PolyPlus, Sartorius). Co-transfection of siRNAs and plasmids
were performed using Lipofectamine2000 as per the manufacturer’s
instructions.

Luciferase reporter gene assay
We co-transfected HEK293T cells with a mixture of the luciferase reporter
plasmids, the pRL-TK-Renilla-luciferase control plasmid, and either SOD1
wild type or mutant plasmids. 24–36 h later, we measured luciferase activ-
ities using the Dual Luciferase Reporter Assay System (Promega) following
the manufacturer’s instructions. Data are normalized for transfection effi-
ciency by dividing Firefly luciferase activity with the activity of Renilla
luciferase.

Enzyme-linked immunosorbent assay (ELISA)
Serum IFN-γ levels were quantified in mouse blood samples (obtained in our
previous study14) using a commercial kit (BioLegend) according to the man-
ufacturer’s instruction. Briefly, 96-well high-binding polystyrene plates (BIO-
LOGIX) were coated overnight at 4 °C with 4 μg/mL of mouse IFN-γ capture
antibody in coating buffer. After washing (4x, wash buffer provided with the
kit), plates were blocked for one hour at room temperaturewithAssayDiluent.

Immediately after blocking, serially diluted serum samples (initial dilution of
1:200 inAssay Diluent) and standards (starting concentration 10 μg/mL) were
added to thewells and incubated for twohours at roomtemperature. Following
another wash step (4x), the Detection Antibody was added and incubated for
one hour at room temperature. Plates were then washed again, and avidin-
conjugated toHRP(1:1000dilution inblockingbuffer)was added for30minat
room temperature. Absorbance was measured and background-corrected
using a standard curve generated in Excel spreadsheet and Prism
(GraphPad, v8).

Statistics and reproducibility
We performed all statistical analyses using either R-Studio or Prism
(GraphPad Software, version 8). The figure legends specify the number of
replicates and the type of tests conducted. The numbers of biological
replicateswere chosenbasedon thenatureof the experiments andpublished
papers describing similar experiments. To compare two groups, we used a
two-tailed unpaired Student’s t-test, while for more than two groups, we
employed one- or two-way ANOVA with the least significant difference t-
test. Fisher’s exact test was performed on 2 × 2 contingency to determine if
the proportion of ISGs among the G93A mutant was significant. Data in
graphs are presented as mean±S.E.M. Data distribution was assumed to be
normal but this was not formally tested. The study sizes were not pre-
determined using statisticalmethods butwere based on similar experiments
previously published. The experiments were not randomized and investi-
gators were not blinded to allocation during experiments. Heatmaps, and
volcano plots were generated using R-software.

Reporting summary
Further information on research design is available in the Nature Portfolio
Reporting Summary linked to this article.

Data availability
All bulk and single-nucleus RNA-seq data supporting the findings of this
study are publicly available through the Gene Expression Omnibus (GEO)
under the accession numbers provided in the Methods section. Additional
experimental data are also provided in the Supplementary Data 1, and on
Figshare (https://doi.org/10.6084/m9.figshare.28296215).

Code availability
Analysis code used to generatefigures in Fig. 1c for this paper are available at
https://github.com/ngchenseng/STING-IFN-II-induction-in-ALS/.
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