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Endogenous retroviruses are dysregulated in ALS

Nicholas Pasternack,1,5 Tara Doucet-O’Hare,2 Kory Johnson,3 NYGC Consortium,4 Ole Paulsen,5

and Avindra Nath1,6,*
SUMMARY

Amyotrophic lateral sclerosis (ALS) is a universally fatal neurodegenerative disease with no cure. Human
endogenous retroviruses (HERVs) have been implicated in its pathogenesis but their relevance to ALS is
not fully understood.Weexaminedbulk RNA-seq data from almost 2,000ALS and unaffected control sam-
ples derived from the cortex and spinal cord. Using different methods of feature selection, including dif-
ferential expression analysis and machine learning, we discovered that transcription of HERV-K loci 1q22
and 8p23.1were significantly upregulated in the spinal cord of individualswith ALS. Additionally, we iden-
tified a subset of ALS patients with upregulated HERV-K expression in the cortex and spinal cord.We also
found the expression of HERV-K loci 19q11 and 8p23.1 was correlated with protein coding genes previ-
ously implicated in ALS and dysregulated in ALS patients in this study. These results clarify the association
of HERV-K and ALS and highlight specific genes in the pathobiology of late-stage ALS.

INTRODUCTION

Amyotrophic lateral sclerosis (ALS) is a fatal neurodegenerative disease that leads to the death of both uppermotor neurons (UMN) and lower

motor neurons (LMN). Current FDA-approved drugs have neuroprotective properties but have only aminimal impact on disease progression.

The heritability and impact of genetic predisposition toward developing ALS in patients with no known familial cause of disease (sporadic

ALS) is still a matter of ongoing research. However, the heritability of sporadic ALS has been reported to be between 17% and 37%.1–3 On

the other hand, we may be significantly underestimating ALS heritability since commonly used next generation sequencing (NGS) technol-

ogies and downstream analysis pipelines can fail to identify certain types of genetic variations such as structural variants (SV), particularly in

genomic regions with highly repetitive sequences.4 ALS is more common in males, with a male-to-female incidence ratio of 3:1, and sex hor-

mones may mediate ALS pathophysiology.5

Human endogenous retroviruses (HERVs) are repetitive elements that comprise up to 8% of the human genome.6 HERVs possess a similar

structure to exogenous retroviruses: gag, pro, pol, and env genes sandwiched by two long terminal repeats (LTRs) (especially LTR5_Hs). De-

tecting HERVs in NGS contexts is challenging, given the ambiguous nature of aligned reads using standard analysis pipelines.7 However,

recent advancements in analysis methods have improved our ability to measure these features in bulk- and single-cell RNA sequencing

(sc-RNA) and genomic data.8–10

A HERV of particular interest in the field of neurodegenerative diseases is HERV-K (named for the lysine, or K, tRNA primer). HERV-K is a

member of the betaretrovirus-like endogenous retroviruses and has 11 subtypes, human endogenous MMTV-like (HML) 1 through 11.11

HML-2 integrated into the human genome relatively recently in evolutionary history and some loci have been shown to be polymorphic

and have functional open reading frames as well as a complete virus with the potential to replicate in humans.12 Moreover, HERV-K pol tran-

scripts were found to be more highly expressed in cortical postmortem brain specimens from ALS patients compared to healthy controls and

controls with other systemic and neurodegenerative diseases.13 Additionally, HERV-K expression was found to be correlated with TAR DNA-

binding protein 43 (TDP-43) accumulation, a known hallmark pathology of ALS.13 In multiple sclerosis and chronic kidney disease, significant

differences in the expression of HERVs between patients and controls at the RNA-seq level have been validated via other methods such as

quantitative polymerase chain reaction (qPCR) and in situ hybridization.14,15

There is evidence that the envelope protein of HERV-K/HML-2 (Env) has a causal role in ALS-mediatedmotor neuron degeneration: a study

utilizing a transgenic mouse that overexpresses the HERV-K/HML-2 Env protein found this mouse model recapitulated many of the facets of

ALS seen in humans including progressive motor dysfunction, muscle atrophy, and decreased activity of pyramidal neurons.16 Moreover, the

study found that TDP-43 bound to the HERV-K/HML-2 LTR and regulated HERV-K/HML-2 expression.16 A recent study utilizing Drosophila

found that HML-2 was sufficient to induce cytoplasmic aggregation of TDP-43 and ERV transmission led to TDP-43 proteinopathy.17
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Whether retroviruses, specifically HML-2, are associated with ALS neuropathophysiology remains an area of active debate within the field.

For example, some studies failed to find an association between ALS and HML-2.18–20

We hypothesized that there would be a CNS region- and biological sex-specific pattern of transposable element (TE) and Ensembl gene

(ENSG) expression. Moreover, we hypothesized that there would be a subset of ALS patients with higher expression of HERV-K/HML-2 tran-

scripts and that this subpopulation could be predicted based on transcriptomic data.
RESULTS

Differential expression analysis in cortex across all ALS patients and controls reveals SLC13A4, CXCL, and IGKC to be

relevant for disease

We analyzed bulk RNA sequencing (RNA-seq) data from 476 individuals (46% female) including 297 ALS patients (47% female) and 179 un-

affected controls (45% female). About 15% of ALS patients were positive for aC9ORF72mutation, 2% were positive for a SOD1mutation, and

1% were positive for a FUSmutation. In terms of clinical presentation, about 62% of ALS patients had limb onset, 34% had bulbar onset, and

3% had axial onset. Multiple samples from different CNS regions were collected from the same individual, so the total number of samples

analyzed was 1,710. There were 1,250 ALS samples (54% CTX) and 460 control samples (69% CTX). Of the individuals in this dataset that

did not have ALS, about 55% had no known neurological disease, 42% had a neurological disease other than ALS, 1% had a motor neuron

disease other than ALS, and 2% had no data on their disease status. Of the controls with no known neurological disease, over half had un-

known comorbidities, however, tumors and cardiovascular disease were relatively common. Since TEs are poorly detected with standard

alignment and enumeration techniques, a tool designed to specifically detect TE features, TEtranscripts, was used9 to quantify TE-related

RNA species. Samples were pooled by CNS region (CTX or SC) and male and female samples were analyzed together and separately. Dif-

ferential expression analysis (DEA) was performed using DESeq2.21 Features that were associated with sex (based on DESeq2 adjusted

p-value) were removed in DEAs performed on both male and female samples.

There were 704 upregulated ERV loci and 1,239 downregulated ERV loci in ALS patients relative to controls. Of these, there were 15

significantly dysregulated HERV-K features (three upregulated and 12 downregulated) including two downregulated Env-coding loci (Fig-

ure 1A). The Env-coding loci could only encode a truncated Env protein. The non-Env-coding HERV-K loci mostly related to HERV-K3,

HERV-K9, and HERV-K11 features. There were a total of 8 HERV-K Env-coding features (Table S1) significantly dysregulated across all

CTX DEAs.

In terms of ENSGs, there were 2,490 downregulated genes, and 1,894 upregulated. SLC13A4 (Solute Carrier Family 13 Member 4),

IGHA1 (Immunoglobulin Heavy Constant Alpha 1), IGKC (Immunoglobulin Kappa Constant), and CXCL8 (Interleukin 8) were the most

significantly dysregulated genes in all ALS vs. unaffected individuals (all downregulated). SLC13A4 has not previously been implicated

in neurological disorders, however, it is essential for neurodevelopment and its gene product transports sulfate from the blood to the

CSF. Moreover, it is known to be expressed in the pia mater and choroid plexus.22 SLC13A4 represents a promising novel target identified

in this analysis and no previous study implicating SLC13A4 in ALS was found. In vitro studies have shown that oxidative stress occurs in glial

cells after exposure to the sera of individuals with ALS.23 More recently, serum IGKC has been implicated as a protein-based biomarker for

ALS.24 CXCL8 encodes for IL-8 which is a proinflammatory cytokine. CSF IL-8 has been shown to be negatively correlated with a metric of

the functional status of ALS patients.25
Differential expression analysis in cortex across female patients and female controls Reveals SLC13A4, MYH11, and SFRP2

to be relevant for disease

There were 1,274 upregulated ERV loci and 668 downregulated ERV loci. Of these, there were 24 significantly dysregulated HERV-K features

(10 upregulated and 14 downregulated) including 7 downregulated Env-coding loci (Figure 1B). In terms of ENSGs, there were 2,614 down-

regulated genes, and 1,109 upregulated. SLC13A4 (Solute Carrier Family 13 Member 4), MYH11 (Myosin-11), and SFRP2 (Secreted Frizzled

Related Protein 2) were the most significantly dysregulated (all downregulated) in female ALS patients vs. female unaffected control indi-

viduals. Myosins are known to be expressed in the brain and spinal cord,26 and mutations in MYH11 have been linked to cerebrovascular

disease27 but has not been studied in the context of ALS. SFRP2 has been shown to be dysregulated at the level of astroglia in the cortical

gray matter of a mouse model of ALS.28
Differential expression analysis in cortex across male patients and male controls Reveals HSPA6 and HML-2 locus 19q11 to

be relevant for disease

There were 1,179 upregulated ERV loci and 653 downregulated ERV loci. Of these, there were 12 significantly dysregulated HERV-K features

(3 upregulated, and 9 downregulated) including one upregulated Env-coding locus, 19q11 (centromere) (Figure 1C). In terms of ENSGs, there

were 511 downregulated genes, and 546 upregulated. The upregulated Env-coding locus is significantly associated with biological sex and

was therefore removed prior to the all ALS patient vs. unaffected control analysis. Fewer features met effect size and significance cut-offs in

this analysis.HSPA6 (Heat Shock Protein Family A [Hsp70] Member 6) wasmost significantly dysregulated (downregulated) in themale ALS vs.

unaffected individuals. Hsp70 acts as a chaperone and its down regulation leads to increased protein misfolding in ALS.29 HSPA6 has also

been implicated in neuronal stress response in a human neuronal cell-based model.30
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Figure 1. ALS patients vs. unaffected control differential expression analysis (DEA) volcano and scatterplots of HERV-K features in the cortex (CTX)

(A) Volcano plots (left) and scatterplots (right) for all samples, (B) female samples only, and (C) male samples only in the CTX. Features that were significantly

associated with biological sex (A only) and did not have sufficient expression were removed prior to the analysis. For volcano plots, log2FC cut-off is >|2| and

cut-off for p value is 10E-6. Feature plot of significantly differentially expressed (qval <0.05) HERV-K encoding features with partial or full-length Env-coding

features are shown in red. Darker points indicate more significant differential expression.
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Differential expression analysis in spinal cord across all ALS patients and controls Reveals CHIT1, GPNMB, andAPOC1 to be

relevant for disease

There were 3,435 upregulated ERV loci and 9,809 downregulated ERV loci. Of these, there were 65 significantly dysregulatedHERV-K features

(17 upregulated and 48 downregulated) including 9 downregulated Env-coding loci and four upregulated Env-coding loci (Figure 2A). There

was a total of 16 HERV-K Env-coding features (Table S2) significantly dysregulated across all SC DEAs.

In terms of ENSGs, there were 5,212 downregulated, and 5,987 upregulated. The most significantly dysregulated (all upregulated)

ensemble genes in all ALS vs. unaffected controls were CHIT1 (chitinase 1), GPNMB (Glycoprotein Nmb), APOC1 (Apolipoprotein C1),
iScience 27, 110147, July 19, 2024 3
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Figure 2. ALS patient vs. unaffected control differential expression analysis (DEA) volcano and scatterplots of HERV-K features in the spinal cord (SC)

(A) Volcano plots (left) and scatterplots (right) for all samples, (B) female samples only, and (C) male samples only in the SC. Features that were significantly

associated with biological sex (A only) and did not have sufficient expression were removed prior to the analysis. For volcano plots, log2FC cut-off is >|2| and

cut-off for p value is 10E-6. Feature plot of significantly differentially expressed (qval <0.05) HERV-K encoding features with partial or full-length Env-coding

features in red. Darker points indicate more significant differential expression.
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LYZ (Lysozyme), and CCL18 (Chemokine ligand 18). Chitinases, including CHIT1, and GPNMB have already been shown to be elevated in the

CSF and spinal cord of ALS patients and may serve as potential biomarkers.31,32 Chitinases regulate the metabolism of chitin, a polysaccha-

ride, and CHIT1 is released from microglia and participates in reactive astrogliosis.33 CHIT1 has been implicated in Alzheimer’s disease,

stroke, multiple sclerosis, and other neurological disorders in addition to ALS.33 GPNMB is a transmembrane protein that regulates inflam-

mation and has been found to be localized to microglia in neurological disorders.34 Apolipoproteins play a role in lipid transport and meta-

bolism in the CNS and, APOC1 is known to be expressed in the CNS.35 A recent study shows that APOC1 is differentially expressed in both

ALS patient motor neurons as well as induced pluripotent stem cell (iPSC)-derived motor neurons from ALS patients.36 Lysozyme is known to

interact with heat shock proteins to optimize their chaperone-like activity.37 Dysregulation of this pathway can lead to increased protein ag-

gregation in ALS. CCL18 is a chemotactic protein that recruits immune cells and regulates immune tolerance. CCL18 transcripts and protein

elevations have been detected in the CNS tissues of patients with neurological diseases.35 A slight increase in CCL18 in the CSF of ALS pa-

tients compared to controls has also been observed.38

Differential expression analysis in spinal cord across female patients and female controls reveals CHIT1, GPNMB, and

PLA2G7 to be relevant for disease

There were 842 upregulated ERV loci and 4,877 downregulated ERV loci. Of these, there were 31 significantly dysregulated HERV-K features

(6 upregulated and 25 downregulated) including 7 downregulated Env-coding loci and one upregulated Env-coding loci on 1q22 (Figure 2B).

In terms of ENSGs, therewere 2,847 downregulated, and 4,242 upregulated. Differential expression analysis of the female-only group similarly

showed significant dysregulation of CHIT1 (chitinase 1), GPNMB (Glycoprotein Nmb), LYZ (Lysozyme) and APOC1 (Apolipoprotein C1). Addi-

tionally, there was an increase in PLA2G7 (Phospholipase A2 Group VII) (Figure 2B). CNS cellular membranes are comprised of polyunsatu-

rated fatty acids, themetabolism of which is tightly controlled by phospholipase A2 (PLA2). The phospholipases thatmetabolize cellular mem-

branes play important roles in apoptosis, inflammation, and oxidative stress.39 Cytosolic PLA2 (cPLA2) has been shown to be upregulated in

motor neurons, astrocytes, andmicroglia in the spinal cord of ALS patients.40 Moreover, in a SOD1mouse model of ALS, elevated cPLA2 was

detected prior to the onset of symptoms.41

Of the 8 Env-coding (1 upregulated and 7 downregulated) in the female sample only group (Figure 2B), the upregulated locus, ERV_312447

(1q22), was also upregulated in the all samples and male-only samples SC DEAs and is located on the negative strand of Ch1. This locus en-

codes for a full-length Gag protein, but only a truncated Env protein.

Differential expression analysis in spinal cord acrossmale patients andmale controls reveals CHIT1,MAFB, andDENN to be

relevant for disease

There were 3,081 upregulated ERV loci and 6,840 downregulated ERV loci. Of these, there were 45 significantly dysregulatedHERV-K features

(14 upregulated and 31 downregulated) including 2 downregulated Env-coding loci and 4 upregulated Env-coding loci (Figure 2C). In terms of

ENSGs, there were 4,534 downregulated, and 5,432 upregulated. Similarly, in the male-only group the most highly dysregulated ensemble

genes wereCHIT1 (chitinase 1),APOC1 (Apolipoprotein C1) andGPNMB (Glycoprotein Nmb). Additionally,DENND2D (DENNDomain Con-

taining 2D), andMAFB (MAF BZIP (Basic Leucine Zipper Domain) Transcription Factor B) were dysregulated (Figure 2C). DENN (differentially

expressed in normal versus neoplastic) is a tumor necrosis factor receptor-associated protein that plays a role in anti-apoptotic and cell sur-

vival processes and is known to be strongly expressed in CNS tissues.42,43 Moreover, its downregulation was shown to be associated with

neurodegeneration, possibly due to an oxidative stress- or cytokine-dependent mechanism.44 MAFB is a leucine-zipper transcription factor

that mediates the M2, anti-inflammatory, type of macrophages and can help restore T helper cell imbalances and alleviate inflammation at

epithelium.45

Of the 6 Env-coding (4 upregulated and 2 downregulated) HERV-K features that were present in the male-only DEA (Figure 2C), two of

these features (ERV_312447 and ERV_3697923) could encode for a full-length Gag, however, none could encode for a full-length Env. All

but ERV_2431376 were LTR5_Hs and located on the reverse strand. One of the features that was significantly decreased in expression,

ERV_2789502, could encode a full-length Env and is predicted to be under the transcriptional regulation of an enhancer.

Six HERV-K env-coding loci were robustly dysregulated across cortex and spinal cord

Weobserved 21 Env-coding loci that were significantly dysregulated in at least one of the six DEAs performed (Tables S1 and S2), male patient

samples had a significantly higher odds of increased expression of a HERV-K Env-coding loci compared to females (OR = 23, Fisher’s exact p-

value = 0.007) and spinal cord samples had a trending higher odds of increased expression of a HERV-K Env-coding loci compared to cortex

samples (OR = 3.8, Fisher’s exact p-value = 0.35).

Differential transcription between biological sex groups were also examined more directly (Figure S16). There were no significant differ-

ences in terms of the GSEA, although there were trending increases in apoptotic gene sets across the CTX and SC. In terms of HERV-K
iScience 27, 110147, July 19, 2024 5



ll
OPEN ACCESS

iScience
Article
Env-coding features, there were relatively few significantly dysregulated features (three in the CTX and four in the SC). On the other hand,

there were individual TE features that were highly downregulated (>16x more transcripts in males than females) in females compared to

males.

Since significant differences between features in individual DEAs may lead to false positives, we also looked across all six DEAs in the

CTX and SC. There were six most significantly dysregulated HERV-K Env-coding loci in terms of their significant differential expression

across and between tissue types (Table 1). Most of these features were of the LTR5_Hs variety of HML-2 (almost 70%) and were downre-

gulated in patients relative to controls (almost 70%). Only ERV_2603457 was not predicted to be under the transcriptional regulation of at

least one modality. The other features were under the transcriptional regulation of at least CCCTC-binding factor (CTCF), a transcription

factor, and an enhancer region. Only ERV_3922921 could encode for a full-length Env, however, it was upregulated across the all patients

SC DEA and downregulated in the female-only CTX DEA. On the other hand, all but two of these loci (ERV_2603457 and ERV_3539935)

could encode for a full-length gag and were located on the reverse strand. No chromosome was represented more than once.

ERV_3220357, ERV_3922921, and ERV_493297 were dysregulated in both the CTX and SC: ERV_3220357 was female ALS patient-specific,

ERV_3922921 was robustly decreased in expression across two DEAs in SC and CTX, and ERV_493297 had both biological sex- and CNS

region-specific expression patterns.

In summary, male patients are more likely to have increased expression of an Env-coding feature, whereas female patients are more likely

to have a HERV-K feature differentially expressed. The SC generally had more differentially expressed HERV-K Env-coding loci, and the loci

that were robustly differentially expressed across CNS regions are more likely to be on the reverse strand, encode for full-length Gag, be

under CTCF and enhancer transcriptional regulation, and be of the LTR5_Hs variety.

There is evidence of increased active inflammation in the SC compared to the CTX

To analyze the biological relevance of the most significantly differentially expressed individual genes by DEA, we utilized Qiagen Inge-

nuity Pathway Analysis (IPA).46 More specifically, we performed IPA on the 1,550 ENSGs (since TE annotations are not supported) with

the lowest DESeq2 p-value, using the DESeq2 log2 fold change for ranking. The heatmaps show the most significant pathways/regu-

lators based on the degree of dysregulation or activation/inhibition across the analyses being compared (i.e., sum of |IPA Z score| across

DEAs).

Themost significantly dysregulated IPA canonical pathways had the opposite patterns of dysregulation in the CTX (Figure S1) and SC (Fig-

ure S2) (downregulated in CTX and upregulated in SC) (Figure 3A). Almost all the pathways relate to either inflammation/infection or wound

healing. In these postmortem samples, ALS patients generally exhibited active inflammation in the SC and less inflammation in the CTX. This

likely represents a differential time course in disease pathogenesis whereby the disease starts in the CTX and progresses toward the limbs.

Analysis of upstream regulators showed that the same pattern was observed: all but SB203580 and ETV6-RUNX1 were predicted to be acti-

vated in SC and vice versa in CTX (Figure 3B). These two upstream regulators are involved with cancer and MAPK (mitogen-activated protein

kinases) activity. ERV_3922921 (8p23.1) (Table 1) was upregulated in all patients in the SC and downregulated in female patients in the CTX.

IPA pathways and regulators involved in the inflammatory response and infection were upregulated in SC and downregulated in CTX – the

same pattern as ERV_3922921 (Figure 3A).

High HERV-K-expressing ALS patients and unaffected controls represent transcriptionally distinct subgroups

To determine the optimum proportion of samples to use for high HERV-K-expressing ALS patients based on frequency value (a threshold-

basedmetric, specific to disease-status group andCNS region, for quantifying overall HERV-K expression) for both ALS patients and controls,

differences in median frequency values and Mann-Whitney tests were used (Figure 4A). The frequency values for the top proportion of ALS

patients or unaffected controls going from 0.05 to 0.5 (5%–50%) in increments of 0.05 (5%) was compared to the other group (unaffected con-

trols when determining the ALS patient proportion and ALS patients when determining the unaffected control proportion). The proportion

which gave the lowest p-value and highest difference in medians was used. These groupings were then validated using distinct methodol-

ogies including gene set enrichment analysis (GSEA) and DEA (Figures S3–S9; Tables S3 and S4). The distribution of frequency values was

shown to be similar in the SC and CTX across all ALS patients and all controls (Figures S10 and S11).

In the CTX, the top 20% of ALS patients and top 30% of unaffected controls represent the optimal subgroups based on this approach. The

optimum percentage of patients in the SC was also 20% and controls was 30% (Figure 4B). This result indicates that the optimum number of

patients to select for the high HERV-K-expressing subgroup is CNS region-independent. Interestingly, the significance level and difference in

medians was generally lower for SC than for CTX (Figures S3 and S9), despite there being slightly more super-threshold HERV-K features by

frequency analysis in ALS patients relative to controls in the SC compared to CTX (Figures S10 and S11). This result indicates that the high

HERV-K-expressing ALS patient group in the CTX likely has greater upregulation of HERV-K features relative to the corresponding unaffected

control group than the SC high HERV-K-expressing ALS patient subpopulation. There were no significant differences in terms of clinical and

phenotypic characteristics between high HERV-K ALS patients and other ALS patients in the CTX, SC, and both CTX and SC (Tables S6–S8).

On the other hand, there was a trending association with high HERV-K ALS status and older age of onset, age at death, and dementia.

The high HERV-K ALS group was compared with the high HERV-K control group (Figure S15). There were minimal differences in the CTX

and no significant difference in terms of HERV-K Env-coding features. In the SC, there were more individual differences in terms of transcrip-

tion, including six Env-coding features as well as ENSGs. Like in the all ALS vs. all control analysis, CHIT1, LYZ, and APOC1 were the most

dysregulated features.
6 iScience 27, 110147, July 19, 2024



Table 1. Significant HERV-K Env-coding features across spinal cord (SC) and cortex (CTX) differential expression analyses (DEAs)

HERVd ID

HERV-K

protein coding

information from

HERVd

Chromosome:

start-end

DNA Strand

(from Hervd and

RepeatMasker)

Chromosome

Band Number

RepeatMasker

repetitive

features (from

Ensembl)

Additional Notes

(from Ensembl)

Regulatory

Information

(from Ensembl) Relevant DEA

ERV_312447a Full Gag; Partial env,

pol, and Rec

1:155626666-

155635845

reverse 1q22 (ERVK-7) LTR5-Hs, HERVK-int,

SVA_A

lncRNA and unprocessed

pseudogene on reverse

strand as well as Enhancer

region with non-coding

exon variant SNPs and

promoter flank region with

intron variant SNPs on the

LTR5-Hs region

CTCF, enhancer,

promoter,

promoter flank

SC: All Three

Analyses

ERV_2603457b Partial env,

pol, and Rec

3:130211772-

130212782

forward 3q22.1 SVA_A, LTR5A,

HERVK-int

N/A N/A CTX: All Patients and

Females Only

ERV_3220357b Full Gag; Partial env,

pol, and Rec

5:30486653-

30496098

reverse 5p13.3 LTR5-Hs, HERVK-int,

SVA_A

LTR5-Hs in enhancer

region with regulator

variant SNPs

CTCF, enhancer SC and CTX: Females

Only

ERV_3539935b Partial env, and Rec 6:150859613-

150862438

forward 6q25.1 HERVK-int, SVA_A,

LTR5B

Overlapping enhancer

and CTCF region with

regulatory region variant

SNPs

CTCF, enhancer SC: All Three Analyses

ERV_3922921c Full env, Rec and Gag;

Partial Pol

8:7497875-

7507337

reverse 8p23.1 (ERVK-8) LTR5-Hs, HERVK-int,

SVA_A, MamRTE1

LTR5-Hs in enhancer region

with intronic variant SNPs

and DEFB107B protein

coding transcripts in

forward strand

CTCF, enhancer SC: All Patients Only

CTX: Females Only

ERV_493297b Full Gag, Partial env,

pol, and Rec

10:6824179-

6833641

reverse 10p14 (ERVK-16) LTR5-Hs, HERVK-int,

SVA_A

lncRNAs on both forward

and reverse strands as well

as multiple enhancer regions

on LTR5-Hs, some with

non-coding exon variant SNPs

CTCF, enhancer SC and CTX:

Females and

All Patients Only

aIndicates features that are upregulated across CTX and SC.
bIndicates features that are downregulated across CTX and SC, and.
cIndicates features that are upregulated in the SC and downregulated in the CTX. ll
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Figure 3. Ingenuity pathway analysis (IPA) comparison cortex (CTX) and spinal cord (SC) all patients vs. controls

(A) IPA results for canonical pathway analysis and (B) upstream regulator analysis using DEA results comparing all ALS patients vs. controls in the CTX (right) and

SC (left). Z score values were exported from IPA and are represented from low (blue) to high (orange). Gray values indicate that there was no clear direction of

change. A Z score over 2 represents significant upregulation and lower than�2 represents significant downregulation. In general, the CTX and SCwere opposites

in terms of patterns of regulation among canonical pathways and upstream regulators in ALS patients relative to controls.
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Figure 4. Optimum proportion of samples to include in high HERV-K group cortex (CTX) and spinal cord (SC)

(A) Optimization was based on maximizing significance of q-value from Mann-Whitney test and effect size (difference in medians) in ALS patients (left) and

unaffected controls (right) in CTX and (B) SC. All comparisons are based on the frequency metric of overall HERV-K expression. Orange line represents the

Mann-Whitney significance level, while the blue line represents the difference in effect size of the corresponding ALS patient subgroup compared to all

controls (or control subgroup compared to all ALS patients). The vertical red line indicates optimal proportion of samples to theoretically maximize

differences in HERV-K expression. The optimum proportions were 0.2 in the ALS group and 0.3 in the control group.
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There was a significant positive correlation (Spearman r > 0.2 and FDR adjusted p-value <0.05) between APOC1, CHIT1, and GPNMB

and both ERV_3922921, 8p23.1, and ERV_1882163, 19q11, as well as IGKC and ERV_3922921 (Figure S17; Table S11). These significant cor-

relations were only present across all tissue types in the NYGC dataset, there were no significant positive correlations in the CTX and SC

specifically.

Granzyme A and demethylation-related features are robustly dysregulated in high HERV-K-expressing ALS patients

To determinewhich pathways and upstream regulators weremost significantly, and specifically, dysregulated in high HERV-K-expressing ALS

patients, a separate IPA comparison analysis was performed combining CTX and SC analyses and high HERV-K-expressing ALS patients vs.

controls and the other ALS patients (low HERV-K-expressing ALS patient) DEAs (Figure 5). GranzymeA signaling represents themost robustly

upregulated pathway across CNS regions and high HERV-K-expressing patient DEAs. Other robustly dysregulated pathways include other

inflammatory-related pathways as well as miRNA biogenesis and oxidative phosphorylation, although they were generally less consistently

and specifically upregulated (Figure 5A).
iScience 27, 110147, July 19, 2024 9
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Figure 5. Ingenuity Pathway Analysis (IPA) across cortex (CTX) and spinal cord (SC) High HERV-K-expressing ALS vs. rest of ALS patients and

unaffected controls

(A) IPA results for canonical pathway analysis and (B) upstream regulator analysis using DEA results comparing high HERV-K-expressing ALS patients vs. all

controls in the CTX (left column), high HERV-K-expressing ALS patients vs. low HERV-K-expressing ALS patients in the CTX (middle left column), high HERV-

K-expressing ALS patients vs. all controls in the SC (middle right column), and high HERV-K-expressing ALS patients vs. low HERV-K-expressing ALS patients

in the SC (right column). Z score values were exported from IPA and are represented from low (blue) to high (orange). Gray values indicate that there was no

clear direction of change. A Z score over 2 represents significant upregulation and lower than �2 represents significant downregulation. In general, there

were similar expression patterns for canonical pathways across comparisons.
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Regarding upstream regulators (Figure 5B), none were specifically predicted to be inhibited in the high HERV-K-expressing group, how-

ever, the GSKJ4-, a histone demethylase inhibitor that can cross the blood brain barrier, mediated regulatory cascade was predicted to be

activated. GSKJ4 has been implicated as a possible therapeutic target for Parkinson’s disease and glioma.47,48 GSKJ4 increases trimethylation

at histone 3 lysine 27 (H3K27me3) via selective H3K27 demethylase inhibition.49 H3K27me3 is associated with neuronal function and its enrich-

ment has been shown in ALS and FTDpatients.50MYC andNFE2L2were downregulated across at least one of the two analyses in theCTX and

SC. MYC is implicated in a variety of cancers, although, it is challenging to target directly.51 Nuclear factor, erythroid 2 like 2 (NFE2L2, also

known as NRF2) is a transcription factor that regulates oxidative stress and inflammatory response and has been implicated as a marker of

immune infiltration in glioma.52

CA1, CXCL11, and ERVL-E are the most important differentially expressed genes by logistic regression

Logistic regression (LR) was used to further validate individual features identified by DEA. LR is a machine learning (ML) technique that uses an

input set of features (DESeq2 normalized count values for 500 features in this case) to predict a binary outcomemeasure (ALS patient or con-

trol status in this case). Due to the large number of features used as predictors, we used a ridge regularization penalty (RLR) to avoid the po-

tential of overfitting our model to the training data and improve generalizability. We split our data into a training dataset (70% of data) to train

the model and a testing dataset (30% of data) to determine the performance of our model. We specifically examined whether the 500 most

significantly differential expressed features in ALS patients compared to unaffected controls by DEA could predict patient status using LR.

LR models that were about 84% accurate at classifying ALS patients from controls utilizing differentially expressed genes (DEGs) from the

DEA analyses were generated in both the CTX (Figure S12) and SC (Figure S13). There were 9 features that were in the final fitted model

trained on the 500 most significant features by DEA analyses using the balanced models (Table 2). In other words, these features are among

the 500most differentially expressed features and are important to an LRmodel that is highly accurate at distinguishing patients from controls

in both the CTX and SC. These features consisted of 4 TEs (2 LTRs, a MER61, and an ERVL-E) and 5 ENSGs. All but three (JAML, LILRA5, and

S100A4) of these features had the same pattern of expression in both SC and CTX. This indicates that unlike the overall expression pattern of

the most dysregulated individual features and IPA pathways, there is relatively high concordance in terms of expression patterns for these

features between the CTX and SC. The ERVL-E feature was the only one that was increased in expression in both the CTX and SC. This

ERVL-E feature was also the most important of these nine features for both the CTX and SC LR models. However, CA1, CXCL11, LTR17,

LTR12C, and MER61 were decreased in expression in both regions.

DISCUSSION

ALS is a neurodegenerative disorder that involves the UMN in the cortex and the LMNs in the spinal cord. However, the pattern of degen-

eration and disease progression is variable. It affects males more commonly than females. Some genetic mutations conferring an increased

risk of developing ALS have been identified although most cases are sporadic in nature. A previous study grouped patients based on tran-

scriptional profiles in brain at autopsy.53 They identified a group characterized by transposable element (TE) dysregulation; however, we spe-

cifically identified a high HERV-K-expressing subgroup in this study. Here we performed an extensive analysis to determine if there were spe-

cific ENSGs and HERVs dysregulated in the CNS of ALS patients compared to unaffected controls. Our initial analysis showed that several

HERV-K transcripts were downregulated in ALS patients compared to controls. Female patients compared to female controls had more

loci dysregulated than male patients compared to male controls. A recent study showed there was baseline expression of some HERV-K

loci in normal CNS tissue and that the specific loci which are expressed varies depending on tissue type (Burn et al., Plos Biology 2022).

The physiological role of these endogenous viral genes is unknown. However, several loci have been shown to be upregulated in ALS patients

which may be of pathological significance.13,16 In particular, the HERV-K subtype HML-2 Env protein has been shown to be neurotoxic.54

Hence we explored if any of the upregulated loci could encode for the Env protein. In high HERV-K ALS patients in both the CTX and SC

the specific HERV-K loci that were upregulated were 1q21.3 (ERV_127104), 5q15 (ERV_3255463), 8q24.3 (ERV_4007080), and 11q13.4

(ERV_617480) (Table S9). Moreover, all 8 HERV-K loci in the human genome known to encode a full-length Env were upregulated in at least

one DEA (Table S10). Themost highly expressed loci in order of increasing expression were ERV_3922921 (8p23.1), ERV_1882163 (19q11), and

ERV_2599259 (3q21.2). 8p23.1 has both LTR’s and sits in the opposite orientation to a Defensin beta protein coding transcript (DEFB107B).55

19q11 lacks a 50 LTR; however, the 50 end of the locus is in a region predicted to be under the transcriptional regulation of a promoter. Addi-

tionally, the nearest ERV LTR is over 10 kb’s away.55 3q21.2 has both a 50 and a 30 LTR, but it has stop codons in-frame. However, it could make

an entire signal peptide and about 40% of the surface subunit even with the stop codons.56 Moreover, there is one LTR within 3 kb’s upstream

of the 50 LTR and 2 LTR’s within 3 kb’s downstreamof the 30 LTR, so alternate reading frames and splicing events should be possible. The exact

mechanism by which these loci are expressed at such high levels relative to other loci needs further research to clarify.
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Table 2. Significantly dysregulated features implicated in final fitted logistic regression (LR) model in the cortex (CTX) and spinal cord (SC)

ENSG/ERV

Feature Importance

CTX

Feature

Importance SC Feature Name L2FC CTX P-adj CTX L2FC SC P-adj SC

ENSG00000133742b 1.959E-02 1.103E-03 CA1 �0.872 2.960E-03 �1.717 4.753E-15

ENSG00000160593c 1.317E-04 9.296E-05 JAML �0.745 6.908E-06 1.025 9.477E-21

ENSG00000169248b 6.628E-03 2.170E-04 CXCL11 �1.345 3.049E-07 �2.543 3.707E-27

ENSG00000187116c 4.891E-03 1.350E-04 LILRA5 �0.921 4.406E-04 1.270 5.937E-14

ENSG00000196154c 2.597E-05 1.452E-05 S100A4 �0.918 2.223E-07 0.957 2.080E-21

ERV_1378003b 5.358E-03 2.468E-04 LTR17 �0.676 1.547E-02 �0.750 6.855E-15

ERV_2200684a 1.163E-01 4.817E-03 ERVL-E 0.966 9.688E-05 1.211 2.958E-09

ERV_2964235b 5.052E-05 2.019E-04 LTR12C �0.912 2.878E-03 �0.841 2.293E-11

ERV_909983b 8.662E-04 7.517E-04 MER61 �0.942 9.740E-03 �2.038 5.506E-04

DESeq2 log2fold change (L2FC) and FDR-adjusted p-values as well as LR feature importance values are included for both CTX and SC. For ENSGs, the feature

name is the HGNC symbol, and for TEs, the feature name is the LTR or ERV associated with that locus.
aindicates features that are upregulated across CTX and SC.
bindicates features that are downregulated across CTX and SC, and.
cindicates features that are upregulated in the SC and downregulated in the CTX.
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Interestingly, the spinal cord had greater HERV-K dysregulation with more loci being upregulated. Of these, ERV3922921 on 8p23.1, also

termed HERV-K115, which encodes full length env, gag and rec sequences57 was the only locus significantly upregulated across all ALS pa-

tients compared to controls in the CTX and SC that was not associated with biological sex. HERV-K115 has a 1 bp deletion 92 bases upstream

from the stop codon of gag. This mutation alters the carboxyl terminus of the encoded Gag precursor protein and results in a ribosomal

frameshift such that pro and pol cannot be translated. However, it encodes for a full length Env protein.58 The 8p23.1 inversion (8p23-inv)

is one of the largest polymorphic inversions found in humans, encompassing�4.5 Mb.59,60 In the small samples studied to date, the inversion

has estimated frequencies of 59% in the Yoruba, 20%–50% in European, and 12%–27% in Asian ancestry populations.61 This region encom-

passes loci associated with autoimmune- and cardiovascular-related diseases. Therefore, the role of HERV-K115 in the pathogenesis of ALS

should be explored in future studies.

A possible pathophysiological mechanism for the differences in transcriptional activity between the two CNS regions could be the human

silencing hub (HUSH) complex,62 which is able to transcriptionally repress repetitive genomic elements viamethylation of a specific histone. In

this study, we suggest dysregulation at the epigenetic level based on IPA canonical pathway and upstream regulator analysis, including

H3K27, which may be involved in these transcriptional differences.

Despite the heterogeneity of expression in males and females, or CTX versus SC, ERV312447 on Chr 1q22 also termed HERV-K102 or

ERVK-7, was upregulated in ALS patients in the SC specifically. This is a relatively intact provirus with a full-length Gag and Pol.

Regarding Env, it can encode a full ERVK-7 Env which contains surface and transmembrane domains only and is in an intergenic region

of locus 1q22. It constitutes most of the HML-2 derived transcripts in response to pro-inflammatory activation of macrophages, espe-

cially in the context of gamma interferon. HERV-K102 mediates the switch from IFN-g signaling to the activation of type I interferon

expression, thus potentially enhancing pro-inflammatory signaling.63 Future studies should explore its role in the innate immune acti-

vation in ALS.

In male ALS patients in the CTX, ERV_1882163 (19q11), which can encode a full-length Env, Gag, Rec, Protease, and Reverse transcriptase

(RT) was upregulated. Further, there were more HERV-K loci expressed in the spinal cord compared to the cortex, suggesting the possibility

that HERV-Kmight be amore significant contributor to spinal cord pathology in these patients. Another interesting observation was thatmany

of the HERV-K loci expressed in ALS patients are in regions predicted to be regulated by a zinc finger transcription factor, CTCF. Even though

many of the dysregulated loci in this study cannot encode a full-length Env, they may still be relevant to ALS pathophysiology via mediating

neuroinflammation.

In addition to env, gag is upregulated in several loci. Gag protein plays a critical role in viral propagation and hencemay participate in ALS

pathophysiology and viral spread. The pol gene encodes for reverse transcriptase, integrase and protease. These enzymes have been the

target of clinical trials in ALS patients.64 Like Env, there is evidence of both up and downregulation, depending on the locus, of Pol-encoding

HERV-K loci. While not a focus of this study, future studies should determine the relevance of RT, integrase, and protease encoding loci.

Additionally, we directly predicted high HERV-K ALS status using ENSGs and ERVs that explain the most variation between samples.

HERVs are known to cause activation of innate immune responses through a variety ofmechanisms. Consistent with this observation, we found

several inflammatory pathways were activated. This included the chemokine-, cytokine-, and immunoglobulin-related pathways. The activa-

tion of inflammatory pathways wasmore prominent in the SC, like HERV-K expression.We also found activation of genes involved in oxidative

stress. Oxidative stress pathways have been well studied in the pathophysiology of ALS65–67 and may constitute another subset of patients

with ALS.53,68 Patients with high HERV-K expression also showed evidence of transcriptional dysregulation in biological pathways and tran-

scriptional regulators involved with DNA methylation, MYC, NFE2L2 and Granzyme A.
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The subgroup of patients with high HERV-K expression was characterized to determine if they had any unique clinical phenotype. About

20% of ALS patients and 30% of unaffected controls formed this subgroup. The higher percentage in controls may reflect the more hetero-

geneous nature of this group as it comprises healthy controls as well as those with neurological conditions other than ALS and other non-

neurological diseases. There were no significant differences in terms of clinical attributes that could be used to identify the high HERV-K-ex-

pressing ALS subgroup of patients. However, ML models based on transcript abundance metrics were highly accurate at identifying high

HERV-K-expressing ALS patients from other samples.

This study facilitated the nomination of 12 ENSGs that could be considered, and indeed some already are, possible druggable or diag-

nostic targets for ALS (Table S5). Only those features that were dysregulated across at least four analyses were considered. By performing

separate sex-specific and combined DEAs in the CTX and SC, the robustness of the results was improved beyond traditional DEA in which

only one analysis is performed, often without subsetting samples based on biological sex. Moreover, many of these features were important

to the LR model (Table 2), further supporting their potential utility. Based on these results, the ENSGs that should be prioritized for future

study are CA1 and CXCL11. This is because these were the only two genes with the same pattern of differential expression across CNS re-

gions, as well as within regions, and were significant across all samples in the CTX and SC. While both genes have relatively low average

transcript abundances across all samples (Table S5, base means column), they are highly significantly increased in expression in unaffected

controls relative to patients in all samples.

In terms of ENSGs that were significant in the DEA and important to the LR model, carbonic anhydrase I (CA1) is known to be expressed

in human spinal motor neurons and has been suggested to be involved in ALS.69 Additionally, CAs catalyze the hydration of CO2; are

important in pH homeostasis; regulate CSF and blood flow to the CNS; and have been implicated as potential therapeutic targets for

stroke and Alzheimer’s disease.70 Junctional adhesion molecule-like protein (JAML) is a recently discovered junctional adhesion molecule

(JAM) in the immunoglobulin superfamily primarily implicated in cancer. JAMs are also known to have essential roles in maintaining BBB

integrity.71,72 CXCL11 (C-X-Cmotif chemokine ligand 11) has been shown to be expressed in ALS patients.73 S100 Calcium Binding Protein

A4, S100A4, is a Ca2+-binding protein with inflammation- and fibrosis-related mechanisms of action and has been implicated in the

impaired autophagy and fibrosis pathologies seen in ALS. It has also been suggested to be a potential marker of reactive microglia in

SOD1-mediated ALS.74,75 Leukocyte immunoglobulin-like receptors are a family of proteins that regulate inflammatory states, plasticity

in the CNS, and differential expression and polymorphisms of these genes have been associated with both autoimmune and infectious

diseases.76 However, the relevance of LILRA5 (Leukocyte Immunoglobulin Like Receptor A5) to ALS seems to have not been explored

previously.

Of the transposable elements, LTR17 is a solo-LTR associated with HERV17 from the HERVW9 group of the ERV1 superfamily (Gammar-

etroviruses and Epsilonretroviruses).Meanwhile, LTR12C is a solo-LTR associatedwith HERV9 from the samegroup and superfamily. ERVL-E is

in theHERVL group and ERV3 superfamily. MER61 is associatedwith theHEPSI (human epsilon) group of the ERV1 superfamily.77,78 A previous

study had identified a HML6 locus on chromosome 3 as being upregulated in the motor cortex of ALS patients.79 The corresponding locus in

the GTF file used for this analysis is ERV_2532252 and was not significantly dysregulated across any of the ALS patient vs. control DEAs in the

CTX and SC or in the high HERV-K patient DEAs. DEA p-values were positively correlated with LR feature importance score in both CTX and

SC (Figure S14).

The Human Protein Atlas80 was referenced to determine the general expression patterns of CA1 and CXCL11. CA1 is mostly expressed (at

both the RNA and protein levels) in the gastrointestinal, bonemarrow, and lymphoid tissues. CXCL11 has higher RNA expression in brain than

CA1, particularly in the cerebral cortex and brainstem, however it is more widely expressed in peripheral tissues. Like CA1, it is highly ex-

pressed at the RNA level in the gastrointestinal tract and bone marrow. However, it is also highly expressed in the pancreas and respiratory

system tissues, which CA1 is not. This suggests that CA1 and CXCL11 could serve as peripheral biomarkers for ALS that can be detected in

specific tissue types.

This study, the largest study of its kind to date, utilized a combination of standard DEA as well as novel ML methods to arrive at the

most robustly differentially regulated ENSG and TE features in ALS patients while accounting for CNS region- and biological sex-spe-

cific effects. Across all ALS patients, CA1, CXCL11 and the TE ERVLE are highly differentially expressed across CNS-regions and are

important features for predicting ALS status. Using a thresholding-based method, we identified a subset of ALS patients with upregu-

lated HERV-K expression. These patients also have a unique transcriptional signature of ENSGs. We found the expression of HERV-K

proviruses implicated in our study correlated with ENSGs that were significantly dysregulated in the SC. These findings could lead to the

development of new diagnostic or therapeutic targets in ALS and highlights the significance of the high HERV-K-expressing subgroup

of ALS patients.
Limitations of the study

The main limitations of this study are that all samples are postmortem and were taken from patients with severe disease, so everything in this

study relates to severe, late-stageALS. Future studies should aim to characterize changes over the course of disease, particularly at pre-symp-

tomatic stages, by utilizingmodel systems such as patient-derived cerebral organoidmodels,81 or by studying potential serum-basedmarkers

throughout the disease course. Additionally, it is not known whether these findings are a consequence or cause of disease. Further research

should be directed toward determining the mechanistic relationship between the features nominated in this study and ALS. Moreover, the

quantification of repetitive elements using short-read RNA-seq technologies represents a challenge due to ambiguously mapped reads re-

sulting in relatively low transcript abundances for many TEs.
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Materials availability

This study did not generate any new materials or reagents. Additional information and requests for resources related to this mansucript

should be directed to and will be fulfilled by the lead contact, Dr Avi Nath (avindra.nath@nih.gov).
Data and code availability

� RNA-seq data used in this manuscript is publicly available as of the date of publication. The GEO ID is listed in the key resources table.
� This paper does not report the generation of new code libraries, although general R scripts used for this analysis are publicly accessible

on GitHub at: https://github.com/nickap5/Endogenous-Retroviruses-are-Dysregulated-in-ALS.
� Any additional information required to reanalyze the data reported in this paper is available from the lead contact upon request.
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EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Patients and samples

Bulk RNA-sequencing from postmortem spinal cord and cortical tissues of ALS patients and unaffected controls was provided by the New

York Genome Center (NYGC) ALS Consortium. All samples were obtained via the appropriate IRB protocols for each participating institution

and sent to the NYGC according to the governing laws and regulations. The demographics, including age and ancestry, of the ALS patients

and unaffected controls as well as spinal cord and cortical samples used in this study are summarized in Table S11 and Figure S17. This table

was generated based on information found in the meta data spreadsheet provided to our group by the NYGC. One control individual had an

‘‘unknown’’ biological sex; however, this individual’s sex genotype was male (XY), so they are considered male for the purposes of this study.

Overall, there was a lot of variability for age of symptom onset and disease course between samples. However, between cortical and spinal

cord samples, there were fewer differences with respect to these attributes and the percentage of patients with potential genetic predispo-

sitions to ALS as well as site of onset. Of note, there were CNS regions other than SC and CTX (i.e., hippocampus, cerebellum, and choroid)

that are included in the all individuals column. Unless otherwise noted, all descriptive statistics are based on comparisons at the patient-level,

as opposed to the sample-level, to avoid biasing the descriptive statistics toward patients that contributedmore samples frommultiple tissue

types. Individuals contributed between 2 and 3 cortical and spinal cord samples on average. The meta data for comorbidities in the provided

meta data file was not in a format that was conducive for analysis: the amount of detail andway in which disease were described varied consid-

erably between participating sites. Therefore, it was challenging to draw useful general conclusions.
Sample preparation

The NYGC provides high quality data even though it represents a multi-center consortium by utilizing comprehensive protocols for tissue

collection, sample and library processing, and quality control. There are published papers detailing themethods used by different consortium

members.93,94 Briefly, RNA was extracted from frozen, postmortem samples using the Thermo Fisher Scientific (MA, USA) TRIzol-based Qia-

gen RNeasy Kit (Hilden, Germany). The sequencing libraries were made using 500 ng of RNA that was depleted for ribosomal RNA using the

KAPA Stranded RNA-Seq Kit with RiboErase (Roche, Basel, Switzerland). Libraries were pooled with an average insert size of 375 bp’s, stan-

dardized quality control guidelines were met, and were sequenced on Illumina HiSeq 2500 and Illumina NovaSeq platforms (CA, USA). The

average sequencing depth of the samples was 42 million read pairs and only tissues that passed selection based on 250 markers for tissue,

CNS region, and biological sex, were included.

Unless otherwise noted, all correlations were performed using the Spearmanmethod in base R and plotted using the ggpubr and ggplot2

libraries in R. The default functionality of the package is to use all possible datapoints with valid values for the two variables being plotted, so

unless otherwise noted, sample sizes should not be presumed to be equivalent. A linear regression line (blue) with 95% confidence interval (CI)

in gray is also plotted.
METHOD DETAILS

Differential expression analysis

First, samples in the count matrix file that were collected from the CNS region of interest (either SC or CTX) were selected. Next, genes with a

low number of transcript counts (less than 6) were filtered out as well as those features that were significantly associated with biological sex

based on a DESeq2 FDR adjusted p value <0.05. Analyses were performed comparing all ALS patient samples to controls as well as male and

female ALS patients vs. male and female controls separately. For the DEAs combining male and female samples, filtering for sex-associated

features was required as biological sex explainsmost of the transcriptional variation between samples. Figure S23 shows the first two principal

components from a principal component analysis (PCA) of the top 500 features by highest variance in the CTX and SC prior to filtering out sex-

associated features. Figure S24 shows the same plots after filtering out sex-associated features. The clear separation of male and female sam-

ples which accounted for 25–32% of variance across samples (Figure S23) was adequately accounted for by filtering (Figure S24). PCA’s were

plotted using DESeq2’s plotPCA function which selects the top 500 features based on row variance.

DEAwas performed on the resulting non-normalized count data matrix using the DESeq2 library in R21 to compare the expression profiles

of ALS patients and controls. DEGswere counted as geneswith an FDR adjustedp-value (qval) < 0.05. Unless indicated otherwise, all adjusted

p-values were corrected using FDR. The generalized linear model for the DEA included terms for participating institutional site, tissue sub-

region, C9orf72 status, age at death (as factor), RNA integrity number (RIN), and ALS or control status. Sex-associated features needed to be

filtered out as opposed to being included in the generalized linear model (GLM) since sex-associated features accounted for a lot of variation

between samples even if included in theGLM.Other potential sources of variability were not included in theGLMdue to their association with

variables that were included in the model (e.g., postmortem interval, PMI, and age of symptom onset) or limited information in meta data.

To determine which continuous variables to include in the model, a correlation matrix of spearman’s rho statistics was computed using

the ‘‘rcorr’’ function of the ‘‘Hmisc’’ library in R on all individual patients and control samples available in the provided NYGC meta data

(N = 476). This represents a slightly larger sample size than the actual RNA-seq data analyzed in this study due to the specific CNS regions

we studied and our not incorporating all possible samples from NYGC. Significant correlations were observed for RIN and PMI (R = �0.25,

qval = 1.4E-4) and pH (R =�0.39, qval = 0.0017); age at symptom onset and age at death (R = 0.97, qvalz0) and disease duration (R =�0.3,

qval = 6.7E-6); and age at death and disease duration (R =�0.14, qval = 0.495) (Table S12; Figure S25). These results suggest that ALS patients

that develop the disease earlier in life have a longer disease duration, an association supported by previous studies.95 These patterns of
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association indicate that there are two distinct types of variables in this meta data: RNA quality (i.e., RIN, PMI, and pH) and disease course (i.e.,

disease duration, age at symptom onset, and age at death). While there are significant associations between variables within a group, there

were no significant associations between variables from different groups (e.g., pH and age at death).

Since the sample size for the various pairwise Spearman correlations varied, the total number of patients and controls (N = 476) was split

into a smaller subset so only those subjects with complete information for all six variables (N = 63) were considered and the same pairwise

analysis was performed (Table S13). Only associations between age at symptom onset and age at death (R = 0.98, qvalz0) and pH and PMI

(R = 0.395, qval = 0.01) were significant in this analysis.

The reduced significance levels could be due to the lower sample size as well as the fact that reducing the number of subjects to only those

with complete information led to biasing of the data by the participating site that provided the samples (Figure S24). For example, Academic

Medical Center (AMC) and University College London (UCL) were the two participating sites that provided the most samples, whereas Johns

Hopkins University (JHU) and University of California San Diego (UoCSD) provided the most samples only for the subgroup of individuals that

had complete information for the meta data variables of interest.

While the inclusion of highly correlated variables in linear models is still a topic of debate, whether to incorporate correlated variables or

not seems to depend greatly on the type of data and question.96 For the purpose of this study, it was decided to include only one variable

from each of the two variable types (i.e., RNA quality and disease course) due to the high degree of correlation between variables, general

consensus from conversations with others in the field, previously published articles which use fewer variables in the GLM, and lack of robust

meta data for each of the six variables for all patients (only 63 out of 476 patients had complete meta data for all six variables).

Frequency metric

After the DEA, a HERV-K feature set consisting of all 1,060 possible HERV-K genes from the GTF annotation file was selected. The threshold

value, theta, for each possible feature is defined below where mu is the base mean of the feature, FC is the Fold Change, and sFC is the

standard error of the Fold Change:

q = jmj � jFCj�ð4 � sFCÞ
The threshold value for each feature was compared to the median of ratios normalized count value calculated as part of the DESeq2 pipe-

line. The frequency value represents the number of super-threshold HERV-K features, out of all 1,060 possible HERV-K features, for a particular

individual. This metric is agnostic to protein-coding potential of features, sample type, and the degree to which a feature is over-expressed.

To determine whether there were any differences in terms of this general metric of HERV-K feature expression between ALS patients and

controls, the frequency values from 200 ALS patients and 200 unaffected control samples were randomly sampled. The median of the unaf-

fected samples was subtracted from the median of the ALS samples and the two sample groups were compared via a Mann-Whitney U test.

Mann-Whitney test p-values were adjusted using the false discovery rate (FDR) method for multiple comparison. This process was repeated

100 times.

It was clear fromexamining the distribution of frequency values that there were unimodal distributions of this value for bothALSpatients and

unaffected controls. Therefore, differences in HERV-K expression would likely bemore subtle. To identify the most appropriate subpopulation

of patients that would be distinct in terms of their HERV-K expression based on the frequency metric, the proportion of samples in each group

(ALS and controls) was optimized using the difference inmedian frequency value between a number of patient subsets and a comparison group

as well as the Mann-Whitney U test significance level between the two groups. The effect size monotonically decreased with increasing pro-

portion of samples, as expected from the unimodal distribution andminimal overall differences between ALS patients and controls. Therefore,

the smallest proportion of samples that produced the most significant p-value was used as the high HERV-K-expressing group.

Pathway and gene set analysis

Pathway analysis was performed using QIAGEN IPA (QIAGEN Inc., https://digitalinsights.qiagen.com/IPA). IPA’s canonical pathways and

causal network analyses were used to draw inferences about the biological pathway dysregulation and potential druggable or diagnostic tar-

gets.46 The top 1,550 genes based on p-value were used for the analysis. This number was determined by selecting a DEA result table and

trying several different numbers of features toward the middle of the feature range suggested by QIAGEN (200–3000) until one was found to

provide the most significantly up-or down-regulated pathways. This optimization was only done for one preliminary analysis and this number

of features was then used for all subsequent analyses. Core analysis was performed using DESeq2 log2 fold change for the calculation of

Z-scores. IPA upstream regulators analysis was also performed to identify drugs, transcription factors, and other molecules that could be

affecting transcriptional states in patient populations of interest. IPA predicts the state of these elements by examining the pattern of expres-

sion of multiple genes in the RNA-seq data that are known to be downstream of the regulator. This analysis was used to nominate possible

druggable and/or diagnostic targets. The top 10 most dysregulated pathways/regulators, based on the sum of the absolute value of the Z

score across groups, are displayed in a heatmap. Pathways/regulators are arranged from top to bottom in alphabetical order.

The fast gene set enrichment analysis (FGSEA) library in R92 was used to assess the degree and significance of gene sets not adequately

captured by IPA, such as those involving HERV-K loci. This analysis does not rely on a cut-off for significance. A combination of curated and

customgene sets derived from the total HERV-K universe were used. This included all HERV-K genes, HERV-K genes that encode for partial or

full envelope, and HML-2 full-length envelope-coding loci. The HML-2-specific gene set had too few genes to be robust (N = 12). The curated

gene sets were derived from the gene ontology (GO) tool AmiGO97 and were accessed using the biomaRt package in R.86When searching for
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GO’s on AmiGO, multiple interchangeable GOs were often found. In these cases, the GO with the greatest number of ENSGs that matched

our annotation file was used. The ENSGgene sets included synaptic vesicle (GO:0008021), neuronal apoptosis (GO:0051402), neuronal death

(GO:1901214), motor neuronal death (GO:0097049), presynaptic active zone (GO:0048786), postsynaptic membrane (GO:0045211), glioge-

neisis (GO:0060252), oxidative stress (GO: 0006979), transcriptional regulation (GO:0140110), and inflammation (GO:0006954) GOs.

The order of the genes used for GSEAwas determined by the rank value based on DEA statistics. The rank formula, where R is the rank, FC

is the fold change from DESeq2 and pval is the unadjusted p-value from the DESeq2 was:

R = jlog2 FCj � � log10

�
pval

�

Genome browser

The Ensembl project98 was used to further analyze loci implicated in the DEA using the hg38 human reference genome. RepeatMasker (for

repetitive elements), Regulatory Build (for regions with possible epigenomic and regulatory effects), Genome Aggregate Database (for SNP,

single nucleotide polymorphism, variants), and GENCODE 42 (additional annotation) tracks were added and used to analyze significantly

dysregulated loci at the genomic level.

Protein-level analysis

The European Molecular Biology Open Software Suite (EMBOSS) was used to convert DNA sequences of interest to RNA.56,99 RNA se-

quences were then translated to amino acid sequences using EMBOSS Transeq. These AA sequences were then matched with the

AlphaFold2 protein database using EBI FastA.100,101

Since none of the amino acid sequences of interest had an over 90% percent identity score with existing proteins in the database, the

macromolecular structure was modeled with AlphaFold2 and visualized using ChimeraX.102 The default monomer model for AlphaFold2

was used with a max template date of ‘‘2021-05-14’’. To compare the truncated env structures with a known reference structure, HERVK-

113 (19p13.11), which is a well-studiedHERVwithORFs for all viral proteins and is present in 30%of the population.103 AlphaFold2 also reports

the per-residue confidence in its predicted structure via the predicted local distance difference test (pLDDT). This is a number between

0 (lowest confidence) to 100 (highest confidence) that was validated and generally corresponds to how well the predicted structure would

agree with an experimentally produced structure of the same molecule.104 The structure of HERVK-113 was overlayed with the truncated

env of interest using Matchmaker in ChimeraX, which aligns sequences by pairwise sequence alignment.

To determine the location and domains of the proteins, a pairwise sequence alignment between the HERV-K protein identified by FastA

and the AA sequence generated as previously described was performed using EMBOSS Needle, which uses the Needleman-Wunsch algo-

rithm for sequence alignment.105 To determine which specific Env domain was relevant to a locus, the location of the best alignment to a

reference Env protein was then compared to the domain location information of that Env protein using UniProt.106

Logistic regression

TE, ENSG and combined (TE and ENSG) count matrices were created and filtered for low abundance features (<6 reads across samples) and

for features that were significantly associated with biological sex (DESeq2 FDR adjusted p-val <0.05). The counts were then converted into

median of ratios (MoR) normalized counts using DESeq2. The logistic regression model was trained using 15 different input conditions:

four DEA based (top 500 based on DEA p-value significance), and 11 randommodels. The DEAmodels consisted of the overall 500 best fea-

tures (Sig), the top 250 ENSG and 250 TE features (Balanced), and the top 500 ENSG only (ENSG) and TE only (ERV) features. For the random

models, one was 500 features selected at random (Random), the other ten were 250 random ENSGs and 250 random TEs (Balanced Random)

with the seed of the R random number generator specified by the trial number (e.g., trial 1 had a seed value of 1). For non-balanced random

models, the random seedwas set to 1. This was performed so that the random trials could be reproduced and so the unbalanced nature of the

feature set would not negatively affect the performance of the random model.

Features incorporating DEA-based information (i.e., Sig) were selected using the Rank value described in the GSEA section. In brief, for

non-randommodels, the corresponding all ALS patient vs. control DEA values were ranked according to the product of the -log2p-value and

the absolute value of the log2FC.

Prior to training the LR model, the data was split 70% in training and 30% in testing groups. The glmnet package in R107 was used for regu-

larized logistic regression. A ridge penalty (a= 0) was used to improve generalizability of themodel. The ridge penalty was selected to allow the

greatest number of features to be used in the final fitted model. Briefly, the library uses a ‘‘proximal Newton’’ algorithm with an inner loop

(weighted coordinate descent) and anouter loop (quadratic approximation) to resolve the appropriatepenalty (iteratively reweightedpenalized

least squares). The specific objective function used by glmnet on the log-odds transformed logistic regression function is explained by the au-

thors of the library in their previously published works.84,108,109 In general, the elastic net penalty can be represented as below where P is the

penalty, l is the regularization tuningparameter,b1 is the Lasso (L1) penalty,b22 is theRidge (L2) penalty, anda is the elastic netmixingparameter:

PaðbÞ = l

�
1 � a

2

�
b2
2

�
+ aðb1Þ

�

The probability cut-off of the regression model used for selecting a patient was set to 0.7. This was because the random models in the

spinal cord were heavily skewed toward selecting patients. To keep all models comparable, this same cut-off value was used for othermodels,
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although this decision probably led to a model that was less accurate for other conditions. 5-fold cross-validated logistic regression was per-

formed with median of ratios counts as predictors and ALS patient or control status as outcomes. The value of l used for the fittedmodel was

the value of lwith theminimummean cross-validated error. The validation lossmetric used wasmean squared error (MSE). The efficacy of the

regularized logistic regression model for each condition was assessed via the following R functions and libraries: confusion matrix (caret li-

brary), 4-fold plot, and ROC (receiver operating characteristic) curve (ROCR library).

For HERV-K-basedmodels, the number of DEGs thatmet the filtering cut-offs for DESeq2were too few (<100), so randomHERV-K features

were also added. In the CTX, there were 15 HERV-K features in the DESeq2 results and 485 randomHERV-K features. In the SC, there were 65

HERV-K features from DESeq2 and 435 random features.

The number of features to use as input for the LR models was determined based on characteristics of the distribution itself to preserve as

much data as possible for the model. We determined the optimum number to be 500 by rounding up the number of features that were out-

liers. Outliers (O) were features with a rank value greater than the mean (m) plus two standard deviations (sÞ of all rank values:

O > m+ 2ðsÞ
Since the goal was to use models with as similar parameters as possible, the same number of features was also used for the cortex.

Figure S25 shows the distribution of the log10 of the rank values (429 outliers in SC and 141 in CTX). As with the LR probability cutoff, accuracy

would probably be improvedwith separate optimization strategies, but this would have resulted in less comparablemodels between the CTX

and SC.

To assess the performancemetrics of themodels, several metrics are reportedwhich are shown belowwhere TP = true positives, TN= true

negatives, FP = false positives, FN = false negative, NPV = negative predictive value, PPV = Positive Predictive value or precision, and recall =

sensitivity:

Sensitivty =
TP

ðTP+FNÞ
Specificity =
TN

ðTN+FPÞ
PPV =
TP

ðTP+FPÞ
NPV =
TN

ðTN+FNÞ
F1 = 2

�
Precision � Recall
Precision+Recall

�

Prevalence =
ðTP+FNÞ

ðTP+TN+FP+FNÞ
Detection Rate =
TP

ðTP+TN+FP+FNÞ
Detection Prevalence =
ðTP+FPÞ

ðTP+TN+FP+FNÞ
Balanced Accuracy =

�
Sensitivity+Specificity

�
2

QUANTIFICATION AND STATISTICAL ANALYSIS

All data storage and analysis related to this project was performed on the NIH high performance computing cluster (HPC) Biowulf (http://hpc.

nih.gov). All code was run using R version 3.6.1 and 4.2.2 (the change in version number was due to a Biowulf upgrade midway through the

project that resulted in a lack of support for R version 3) on Biowulf. Necessary R libraries that are not part of the base distribution were down-

loaded using the instructions for each package on the Comprehensive RArchive Network (https://cran.r-project.org) and include (versions

based on R version 4.2.2) ROCR 1.0–11,82 caret 6.0–94,83 glmnet 4.1–7,84 DESeq2 1.38.3,21 Hmisc,85 biomaRt 2.54.1,86 tidyverse 2.0.0,87

LIMMA 3.54.2,88 ggpubr 0.6.0,89 vcd 1.4–11,90 epitools 0.5–10.1,91 and fgsea 1.24.0.92

Statistical significance was defined as comparisons with a false detection rate (FDR) adjusted p-value less than 0.05, unless noted other-

wise. Details for each analysis type are outlined above and referenced in the appropriate sections of the main manuscript.
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