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Supplementary Methods
NMF Input
To determine whether there were any associations between NMF cluster designation and metadata variable, Kendall’s τ was calculated for relevant metadata variables and NMF cluster designations. Kendall’s τ was used because of the variability in the scale of variable encoding. The most significant association was between the participating site “academic medical center” and SC_ALSC NMF subgroup (τ = 0.33, p-adj = 1.3E-12). All other associations had an effect size ~ 0.2 or less. It was decided not to remove features associated with site or RIN due to the variability in how these features were represented on the metadata file, low effect size of the associations, associations of these features with each other, and to keep the input to NMF as unbiased as possible.

For the estimation process, 10 runs per cluster (k) from k = 2 through k = 10 were performed setting the random seed to 123211. For the actual clustering, the value of k was set to the optimum value as described above and 500 runs were performed with the random seed set to 123211.

Random Forest Classification 
Since the metadata features were mostly categorical and not continuous, they were one-hot encoded using the Caret “dummyVars” function in R. For example, the categorical variable of biological sex (Male or Female) was converted to two variables (Sex_Male and Sex_Female) with a value of 0 (False), and 1 (True). The data was scaled using a MinMax scaler from scikit learn so all features, including continuous ones, were on a scale of 0 to 1. 

Since there are multiple NMF classes (three in ALS and four in ALSC analyses), RFC was applied in the context of a One-vs-Rest (OvR) strategy. Essentially, one classifier is fitted per class (e.g. NMF1 vs other three NMF’s). Unless otherwise noted, performance metrics were averaged using the “micro” method (i.e. calculate overall performance metrics using values from all classes such as total TP’s, TN’s, etc.). Feature importance was calculated using the permutation method, with 10 repetitions. The equation for permutation importance where i is feature importance, f is feature, s is score, and R is repetition is:



















SUPPLEMENTARY RESULTS
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[bookmark: _Toc141189374]<- Supplementary Figure 1. Determination of NMF cluster number.

Data from this figure is based on the ALS patients only NMF in the cortex. The top 5,000 features based on median absolute deviation (MAD) were selected and the variance-stabilizing transformed (VST) abundances of those features were used to cluster the samples. The first metric used to estimate the optimal cluster number is the cophenetic coefficient (A) which relates to the dispersion of the consensus matrix. The local maximum is selected (k = 3 in this case) which is indicated by the arrow. The next method used was the silhouette width, which has a similar interpretation to the cophenetic coefficient, and was plotted for a few different metrics (B). In this case, one might have chosen k = 2 based solely on the silhouette width for the basis metric; however, the other metrics all indicate the optimal number of clusters is k = 3. This can be confirmed by looking at the consensus matrix (C) which shows three distinct clusters. The main area of the consensus matrix represents whether samples are highly distinct (blue) or highly connected (red) based on the clustering with column annotations for basis (the feature matrix, F, which relates to transcript expression), consensus clustering, and silhouette width.
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<- Supplementary Figure 2.  Stability of NMF clustering.

Bar graphs show the number of samples with a given stability (x-axis) for each NMF cluster (y-axis) (left). Table shows P values from a Wilcoxon test for each cluster compared to a  of 1/median (right) for ALS and control (ALSC) analysis (i) and ALS only (ALS) (ii). The results for (A) cortex and (B) spinal cord are shown for both analysis types. Every NMF cluster has significantly greater stability than would be expected by chance, indicating samples from different CNS subregions from the same patient tend to cluster together.
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<- Supplementary Figure 3. Overlap between selected features across CNS regions.

The NMF selected features from the ALS and control (ALSC) (i) and ALS only (ALS) (ii) analyses were compared. Venn diagram showing percentage and number of overlapping and distinct selected features in cortex (CTX) and spinal cord (SC) NMF analyses (A) and spearman correlation of selected feature scores for the 48 features that overlapped (B). The selected features in the ALS analysis overlapped and their feature scores correlated significantly between the CTX and SC.
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[bookmark: _Toc136688332]Supplementary Figure 4. HERV-K coding loci in ALS and controls NMF DEA cortex.

X-axes are significant (DESeq2 FDR adjusted p-value < 0.05). HERV-K genes in green can encode for partial or full-length envelope (Env) protein. Y-axes are differential expression analysis (DEA) log2FC values and color of dot indicates significance (darker is more significant). Feature plots are shown for NMF DEAs comparing NMF 1 (A), 2 (B), 3 (C), and 4 (D) to the other three NMF clusters.
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[bookmark: _Toc136688333]Supplementary Figure 5. HERV-K coding loci in ALS and controls NMF DEA spinal cord.

X-axes are significant (DESeq2 FDR adjusted p-value < 0.05) HERV-K genes in green can encode for partial or full-length envelope (Env) protein. Y-axes are differential expression analysis (DEA) log2FC values and color of dot indicates significance (darker is more significant). Feature plots are shown for NMF DEAs comparing NMF 1 (A), 2 (B), 3 (C), and 4 (D) to the other three NMF clusters.
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Supplementary Figure 6. HERV-K coding loci in ALS patients only NMF DEA cortex.

X-axes are significant (DESeq2 FDR adjusted p-value < 0.05) HERV-K genes in green can encode for partial or full-length envelope (Env) protein. Y-axes are differential expression analysis (DEA)log2FC values and color of dot indicates significance (darker is more significant). Feature plots are shown for NMF DEAs comparing NMF 1 (A), 2 (B), and 3 (C) to the other three NMF clusters.
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Supplementary Figure 7. HERV-K coding loci in ALS patients only NMF DEA spinal cord.

X-axes are significant (DESeq2 FDR adjusted p-value < 0.05) HERV-K genes in green can encode for partial or full-length envelope (Env) protein. Y-axes are differential expression analysis (DEA)log2FC values and color of dot indicates significance (darker is more significant). Feature plots are shown for NMF DEAs comparing NMF 1 (A), 2 (B), and 3 (C) to the other three NMF clusters.
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<- Supplementary Figure 8. GSEA for selected gene sets of NMF analyses.
Gene set enrichment analysis (GSEA) was performed for the ALS patients and control (ALSC) analysis (A) and ALS only (ALS) analysis (B). Plots show normalized enrichment score (NES) (x-axis) across NMF clusters (y-axis) in both cortex (CTX) and spinal cord (SC) (same plot) NMF analyses. Only significantly up- or down-regulated gene sets (FDR adjusted GSEA p-value < 0.05) are shown. Color of bar indicates gene set studied and the outline of the bar indicates significance level (darker outline indicates higher significance). Both custom HERV-K and pre-existing GOs were used in the GSEA. Different patterns of significant up- or down-regulation of the custom all HERV-K gene set as well as inflammation- and synapse-related GO gene sets were identified across clusters in both CTX and SC.
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[bookmark: _Hlk172281221]Supplementary Table 1. Full-length HERV-K Env loci that were dysregulated in at least one of the NMF DEAs.

Footnote: Letter in parentheses after NMF cluster ID represents pathophysiological category: neuronal regeneration (R), synaptic dysfunction (SD), neuronal degeneration (D).
Additional Abbreviations: HERVd ID = ID based on HERVd database nomenclature, CTX = cortex, SC = spinal cord, ALSC = ALS and controls, ALS = ALS only, LTR = Long terminal repeat.
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Supplementary Table 2. Effect of imputation method on underlying correlations in cortex.

Footnote: Values are shown for the imputed (using predictive mean matching (PMM)) condition (left) and the original raw data condition (right). Rows are sorted based on significance in imputed condition. The values with and without PMM were identical or very similar in all cases. The only meta data variable tested with a significant association with NMF clustering was disease duration.
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[bookmark: _Hlk172287766]Supplementary Table 3. Effect of imputation method on underlying correlations in spinal cord.

Footnote: Values are shown for the imputed (using predictive mean matching (PMM)) condition (left) and the original raw data condition (right). Rows are sorted based on significance in imputed condition. The values with and without PMM were identical or very similar in all cases. The meta data variables tested with a significant association with NMF were related NYGC provided metrics of ethnicity.
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[bookmark: _Hlk192310545]Supplementary Figure 9. Heatmap of NMF clusters. 
Heatmap was generated using complete hierarchical clustering scaled by rows with column annotations for NMF cluster and biological sex and row annotations for selected features. (A) Cortex from ALS patientsshowing three transcriptionally distinct clusters. There is no clear association of biological sex with NMF. (B) Spinal cord from ALS patients. Shows three transcriptionally distinct clusters. There is no clear association of biological sex with NMF clustering (C) Cortex from ALS patients and controlsshows four transcriptionally distinct clustersThere is no clear association of biological sex with NMF. (D) Spinal cord from ALS and controlsshows four transcriptionally distinct clusters. There is no clear association of biological sex with NMF clusters. 
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Supplementary Figure 10. Predicted roles of key transcriptional regulators in the pathogenesis of the three ALS biotypes.
Shows the proposed pathogenesis and progression of the three ALS biotypes characterized in this study: synaptic dysfunction, neuronal regeneration, and neuronal degeneration. The synaptic dysfunction biotype may develop first from individuals susceptible to developing ALS (top) under the transcriptional regulation of Transcription factor 7-like 2 (TCF7L2), Estrogen Receptor 1 (ESR1), and mitogen-activated protein kinase (MAPK). At this stage (middle), activation of brain-derived neurotrophic factor (BDNF) and Janus Kinase 1/2 (JAK1/2) drive the neuronal regeneration biotype, while inhibition of these regulators drives the neuronal degermation biotype (bottom).
















	NMF ID
	Average Age at Death (± SD)
	Number of Samples (% Total)
	Female (%)
	Male (%)
	ALS (%)
	C9Orf Pos (%)

	CTX_ALS_1
	66 (±10)
	218 (34%)
	48
	52
	100
	13

	CTX_ALS_2
	64 (±10)
	308 (47%)
	46
	54
	100
	14

	CTX_ALS_3
	66 (±10)
	127 (19%)
	48
	52
	100
	11

	SC_ALS_1
	64 (±11)
	193 (35%)
	46
	54
	100
	11

	SC_ALS_2
	66 (±11)
	90 (17%)
	47
	53
	100
	8

	SC_ALS_3
	65 (±10)
	263 (48%)
	49
	51
	100
	15

	CTX_ALSC_1
	64 (±12)
	147 (16%)
	48
	52
	73
	16

	CTX_ALSC_2
	64 (±11)
	148 (16%)
	52
	48
	83
	16

	CTX_ALSC_3
	68 (±10)
	183 (20%)
	42
	58
	31
	11

	CTX_ALSC_4
	65  (±11)
	445 (48%)
	43
	57
	82
	10

	SC_ALSC_1
	63 (±12)
	112 (17%)
	47
	53
	73
	5

	SC_ALSC_2
	65 (±11)
	321 (48%)
	45
	55
	88
	12

	SC_ALSC_3
	63 (±12)
	148 (22%)
	48
	52
	91
	16

	SC_ALSC_4
	69 (±11)
	89 (13%)
	52
	48
	54
	4


Supplementary Table 4. Demographics of each of the NMF clusters
CTX = cortex; SC = spinal cord; ALS = ALS patients only; ALSC = ALS patients and controls




SUPPLEMENTAL METHODS

[bookmark: _Toc159840987]Non-negative matrix factorization
Non-negative matrix factorization (NMF) is an unsupervised algorithm for matrix decomposition used to identify meaningful clusters of samples based on their transcriptional patterns. The optimum cluster number was determined primarily by looking for the local maximum of the cophenetic coefficient 1 and the silhouette width 2. An example of the process to determine NMF cluster number is highlighted in Supplementary Figure 1.

R scripts used to perform the NMF analysis and subsequent PCA, DEA, and heatmaps were modified from the single-cell RNA-seq analysis and klustering evaluation (SAKE) algorithm 3  with permission from the authors. The general equation of NMF, in this application, where M is the original matrix of transcript abundance measures with g genes and p samples; F is a matrix with g genes and k clusters; and C is a matrix of k clusters and p samples, is:



Beyond the tools in SAKE, a measurement of the robustness of the NMF clustering to individual samples called stability was implemented for both ALS only (ALS) and ALS and controls (ALSC) NMF analyses. The stability metric leverages the fact that multiple samples can come from the same subject in both the cortex (CTX) and spinal cord (SC). Stability is calculated by dividing the number of samples provided by a subject in each cluster by all samples provided by the individual across all clusters. A stability of 1 indicates that all samples derived from the same individual in a CNS region (i.e. CTX or SC) were assigned to the same cluster. This is represented by this formula, where  is the stability for subject P, n is the number of samples, i is the cluster number, and N is the total number of clusters:

One-sample Wilcoxon signed rank test was performed with  = 1/median number of samples per patient. In both the CTX and SC,  = 0.5, median = 2 and the mean was between 2 and 3. Each of the fourteen clusters (four in CTX and SC for ALSC analysis and three in CTX and SC in ALS analysis) had a significantly higher stability than would be expected by chance even when accounting for multiple comparisons using FDR (Supplementary Figure 2). In general, the ALSC analysis had a high median stability (at least 75%) for three of the four NMF clusters, whereas the ALS analysis had a cluster with high median stability in one of three clusters. However, there was variability in terms of stability between NMF clusters: CTX_ALSC_2 and SC_ALSC_1 in the SC both had the lowest median stability (50%) for their respective CNS regions, while CTX_ALS_1 and SC_ALS_1 and SC_ALS_2 had the lowest median stabilities in the ALS analysis (50%). Interestingly, these were generally not the largest clusters in their respective analysis, so the lower stability is not due to a greater number of samples (Supplementary Figure 2).

[bookmark: _Toc159840988][bookmark: _Hlk172282387]Random Forest Classification
Random forest classification (RFC) was applied to predict NMF cluster based on sample demographics/phenotype. The variables used were biological sex, ethnicity, patient status, family history of ALS or frontotemporal dementia (FTD), FTD with motor neurone disease (MND), MND with dementia, site of motor symptom onset, genetic mutations, C9ORF72 and ATXN2 status, El Escorial criteria, comorbidities, age at symptom onset, disease duration (months), C9ORF72 repeat size, ATXN2 repeat size, and percent African, South Asian, East Asian, Americas, and European (provided by NYGC). These metadata features were selected since they were included in many entries of the NYGC metadata file and are applicable in a clinical setting. 

[bookmark: _Hlk172287549]For the continuous variables, missing data was imputed using predictive mean matching (PMM) 4 via the mice function of the Multivariate Imputation by Chained Equations package in R 5. The function was run with 5 donor values, 50 maximum iterations, and a random seed = 1. In brief, one randomly selected value is selected from a set of 5 donor values drawn from complete cases of the same feature which are closest to the value predicted for the missing case by a linear model conditional on all other continuous variables.The percent missingness, P, was calculated as below where m is missing cases and t is total cases:

The missingness of the continuous variables are: 36% for age at symptom onset, 31% for disease duration, 22% for C9ORF72 and ATXN2 repeat size, and 1% for all percent ethnicities. Therefore, PMM is appropriate for this case.

To further validate this method, Kendall’s tau associations were calculated for each continuous feature imputed with PMM and NMF subtype. In both the CTX (Supplementary Table 2) and SC (Supplementary Table 3), the effect size and significance of the associations were very similar in the PMM and non-PMM conditions. Thus, PMM does not create new or appreciably change pre-existing associations with NMF in the data used for this study. Disease duration (in CTX) and percent European, African, South Asian, and Americas (in SC) were significantly associated with NMF clustering.

Adaptive synthetic sampling (ADASYN) 6 was used to ensure a similar number of samples in each cluster for this analysis since there are different numbers of samples in each cluster. The specific implementation of adaptive synthetic sampling used for this analysis was the imbalanced-learn package in Python. The general formula for ADASYN, where s is the number of synthetic data samples that need to be generated for number of minority class nm, given the total number of synthetic data samples (S) for the minority class, and density distribution d is:


Scikit learn 7 in Python was used to generate the RFC model. The train/test split was 80/20. Prior to training the RFC, five-fold, cross-validated randomized search was performed to tune the number of estimators and maximum depth hyperparameters. The other hyperparameters were not changed from their defaults.



[bookmark: _Toc159840989]Pathway and Gene Set Analysis
Pathway analysis was performed using QIAGEN IPA (https://digitalinsights.qiagen.com/IPA). IPA’s canonical pathways and causal network analyses were used to analyze biological pathways and identify potential druggable or diagnostic targets 8.  The top 10 most dysregulated pathways, according to the sum of the absolute value of the Z-score across rows (i.e. per IPA pathway), are displayed in the relevant heatmaps. Pathways/regulators are displayed in alphabetical order.

The fast gene set enrichment analysis (FGSEA) implementation in R 9 was used to assess the degree and significance of gene sets not addressed in IPA, such as those involving HERV-K. The gene sets used include all HERV-K genes, HERV-K genes that encode for partial or full envelope (Env), and HML-2 full-length Env-coding loci. Additional gene sets were derived from the gene ontology (GO) tool AmiGO 10 and were accessed using the biomaRt package in R 11. The GOs included in this analysis were 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), gliogenesis (GO:0060252), oxidative stress (GO: 0006979), transcriptional regulation (GO:0140110), and inflammation (GO:0006954) GOs.

The order of the genes used for GSEA was determined by the DEA rank value shown below, where R is the rank, FC is the fold change, and pval is the unadjusted p-value is:


Statistical Analysis
R versions 3.6.1 and 4.2.2 were used for statistical analysis on the NIH Biowulf high performance computing (HPC) cluster (http://hpc.nih.gov). Details for each analysis type are outlined in the methods section and in the appropriate sections of the main manuscript.
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