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ABSTRACT 

Background:  Biomarkers with clear contexts-of-use are important tools for ALS therapy 

development.  Understanding their longitudinal trajectory in the untreated state is key to their 

use as potential markers of pharmacodynamic response. To this end, we undertook a large-

scale proteomic study in well-phenotyped cohorts to identify biomarker candidates of ALS 

disease state and disease progression. 

 

Methods:  Clinical phenotypic data and biofluid samples, collected from patients with ALS  and 

healthy controls through multiple longitudinal natural history studies, were used to identify 

biomarker candidates. SOMAmer (Slow Off-rate Modified Aptamer)-based relatively 

quantitative measurement of ~7,000 proteins was performed in plasma and CSF, with 

immunoassay validation of candidates of interest. 

 

Results:  We identified 329 plasma proteins significantly differentially regulated between ALS 

and controls (adjusted p-value <0.05), with 25 showing >40% relative abundance. PDLIM3, 

TNNT2, and MYL11 had the greatest log-fold elevation, while ANTXR2 and ART3 had the 

greatest log-fold reduction. A similar set of plasma proteins was found to increase (e.g. PDLIM3, 

TNNT2, MYL11) or decrease (e.g. ANTXR2, ART3, MSTN) with disease progression. CSF proteins 

with the greatest log-fold elevation included NEFL, NEFH, CHIT1, CA3, MYL11 and GPNMB. 

These results were confirmed in an independent replication cohort.  Moreover, tissue-specific 

signature enrichment suggests a significant contribution of muscle as a source of these 

biomarkers. Immunoassays provided orthogonal validation of plasma TNNT2 and CSF GPNMB. 

 

Conclusion:  We identified an array of novel biomarkers with the potential to serve as response 

biomarkers to aid therapy development, as well as to shed light on the underlying biology of 

disease. 
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(Key messages)  

 

What is already known on this topic  

• There are currently few monitoring and disease progression biomarkers in ALS; and 

there is no published work from large-scale, multi-cohort proteomic studies that utilized 

longitudinal plasma and CSF samples to help fill this gap. 

 

What this study adds  

• Using Slow Off-rate Modified Aptamer (SOMAmer)-based methods, we have identified 

an array of novel biomarkers of disease state (i.e. differentially regulated in ALS vs. 

controls) and ALS disease progression. These included, among others, PDLIM3, MYL11, 

ANTXR2, ART3, and MSTN.  

• Skeletal muscle is the likely source of many of these newly discovered biomarkers. 

 

How this study might affect research, practice or policy  

• These newly identified monitoring and disease progression biomarkers may be used to 

evaluate pharmacodynamic response in future clinical trials, thereby aiding ALS therapy 

development efforts.  
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INTRODUCTION  

Amyotrophic Lateral Sclerosis (ALS) is neurodegenerative disorder with very few therapeutics 

meaningfully impacting the course of disease.
1-3

  Biomarkers are increasingly recognized as 

essential tools to advance ALS therapy development, and their utility is critically dependent on 

well-defined contexts of use.
4
 In accordance with the FDA’s BEST Resource, biomarkers 

assessed repeatedly over time are monitoring biomarkers.
5
 Monitoring biomarkers that are 

dynamic (i.e. change over time) may be markers of disease progression. In ALS, urinary p75 

neurotrophin receptor extracellular domain (p75
ECD

) is one such example.
6
 Monitoring markers 

that are relatively stable over time may be considered temporally stable markers, a concept 

(even if not a term) that is widely recognized.
7-9

 Neurofilament light chain (NfL)
10-12

 is one such 

example.
10-13

 Both types of monitoring biomarkers
13

 may be used to evaluate a potential 

pharmacodynamic response to therapeutic intervention.
3
  p75

ECD
 and NfL, however, each have 

their own limitations.
12

 Analytic variability of p75
ECD

 has limited its broader uptake, and changes 

in NfL concentration in response to a therapeutic may be confounded by short-term toxicity 

(e.g. AAV effect on dorsal root ganglia
14-16

) or an effect on NfL clearance.
17

 With increasing 

recognition of the essential role for biomarkers in phase 2 trials, 
18

 there is a pressing need to 

identify additional biomarkers with utility in monitoring and demonstrating response to an 

experimental therapeutic. 

 

Here, we describe the use of the SomaScan platform for discovery and replication of both 

disease state (i.e. ALS vs. control) and monitoring (both disease progression and temporally 

stable) biomarker candidates in plasma and CSF from two independent longitudinal ALS (and 

healthy control) cohorts. We use the term “disease state” rather than “diagnostic biomarker” 

because the latter should entail discrimination between those with ALS and those with similarly 

appearing conditions at a time when the diagnosis is unclear
4
.  In this manuscript, we focus on 

biomarkers relevant to therapy development for clinically manifest ALS (eFigure 1). 
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MATERIALS AND METHODS  

Discovery and replication cohorts  

Biofluid samples, with accompanying phenotypic data, for the discovery cohort were obtained 

from the University of Miami Clinical Research in ALS (CRiALS) study (clinicaltrials.gov 

NCT00136500) and the Clinical Research in ALS and Related Disorders for Therapeutic 

Development (CReATe) Consortium multi-center Phenotype-Genotype-Biomarker (PGB1) 

(NCT02327845) and TRIAL READY (NCT03912987) studies. For PGB1 and TRIAL READY, only 

samples and data collected at the Miami site were included. All 3 studies in the discovery 

cohort were approved by the University of Miami Institutional Review Board (IRB), which also 

serves as the single IRB of record for the CReATe Consortium, and all study participants 

provided written informed consent.  For the replication cohort, biofluid samples and 

accompanying clinical information were obtained from 2 biomarker studies (NCT01495390; 

NCT00677768) through the Northeast ALS (NEALS) Biofluid Repository (https://neals-

biorepository.smapply.org). Additional plasma and CSF samples from healthy controls were 

obtained from the Novartis Basel Tissue Donor Program (plasma, n=10) and the commercial 

National BioService, LLC, Saint-Petersburg, Russia (plasma, n=3; CSF, n=13). Samples used in the 

replication cohort were collected under the auspice of ethics/institutional review board 

approval, with written informed consent obtained from all study participants. The sample and 

data use in this project was approved by the responsible local ethics committee in Switzerland.  

Additional details are in the eMethods. 

 

Sample collection and processing  

Biological specimens were collected, processed, and stored according to strict standard 

operating procedures, comparable across all studies, apart from the National BioService, for 

which limited information about processing times was available. Briefly, for plasma, blood was 

collected in K2 EDTA tubes, centrifuged at 1,750g for 10 minutes at 4°C within 2 hours of 

collection, and aliquoted for storage at −80°C. CSF was collected in polypropylene tubes (or 

polyethylene tubes for sample samples in the replication cohort),  centrifuged (1,750g for 10 
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minutes at 4°C), aliquoted into polypropylene cryogenic sterile freestanding conical microtubes, 

frozen within ~60 minutes of collection, and stored at −80°C. 

 

Proteomics measurements  

The high-throughput SomaScan® platform was used to quantify relative levels of proteins in 

plasma and CSF samples. The SomaScan platform is based on modified single-stranded DNA 

aptamers (SOMAmer, Slow Off-rate Modified Aptamer) binding to specific protein targets with 

high specificity and sensitivity. The SomaScan Assay v4.1 used in this study measures 7,335 

unique SOMAmers with a median intra-run and inter-run coefficients of variation (CV) of ~5%.
19

 

SomaScan analysis was performed at SomaLogic Inc. (Boulder, United States), with proteins 

quantified on Agilent hybridization arrays (Agilent Technologies) as previously described.
20,21

 

Plasma samples were measured at 3 dilutions (20%, 0.5%, 0.005%) and CSF samples were 

measured at a single dilution (20%). Plasma and CSF samples were randomized across plates by 

disease status, sex and genotype to achieve a balanced plate layout and avoid technical batch 

effects driven by plate; samples from the same person were included on the same plate 

 

Statistical analysis  

Raw intensity data was processed through the Somalogic pipeline with ANML normalization, 

quality control (QC), and outlier removal. Analyses were conducted separately for plasma and 

CSF, as protein quantification varied significantly between them. Exploratory analysis identified 

data structure and important covariates. Mixed effect linear models were employed for primary 

analyses to assess protein associations with covariates such as disease status and duration. 

Identified proteins underwent functional and expression enrichment analyses. Detailed QC and 

analytical steps are available in the eMethods. 
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Immunoassay validation  

TNNT2 (troponin T2) concentration was quantified using the Roche Elecsys Troponin T high 

sensitivity (hs) electrochemiluminescence sandwich immunoassay. GPNMB concentration was 

quantified in a solid phase sandwich ELISA using the R&D Systems Human Osteoactivin/GPNMB 

DuoSet ELISA kit. Methodological details are included in eMethods. Association between 

SOMAmer intensities on the one hand, and immunoassay-based measures of TNNT2 and 

GPNMB concentrations on the other, were assessed by Pearson correlation. 

 

RESULTS  

Participant characteristics in discovery and replication cohorts 

The discovery cohort included 161 participants with ALS and 165 healthy controls (henceforth 

“ALS” and “controls”, respectively).  After exclusion of samples that did not meet data QC 

criteria, the analysis dataset for plasma samples comprised 157 ALS and 163 controls. 

Longitudinal plasma and matching phenotypic data were available from 132 ALS and from 108 

controls (Table 1).  The analysis dataset for CSF samples comprised 70 ALS and 51 controls; 

longitudinal CSF and matching phenotypic data were available from 30 ALS and 24 controls 

(eTable 1). The replication cohort comprised 83 ALS and 28 controls. After data QC, 80 ALS and 

28 controls were included in the analysis dataset for plasma, and 82 ALS and 25 controls in the 

analysis dataset for CSF (Table 1).  Paired longitudinal phenotypic data and plasma (or CSF) 

samples were available from 37 participants with ALS (eTable 1).  

 

Disease state biomarkers in plasma and CSF 

A total of 329 plasma proteins (345 SOMAmers) were significantly differentially regulated 

between ALS and controls (Benjamini Hochberg adjusted p-value < 0.05). Among them, 132 

proteins (138 SOMAmers) were upregulated, and 197 proteins (207 SOMAmers) were 

downregulated, in ALS.  Additionally, 4 of the differentially regulated proteins (5 SOMAmers) 

were more than 40% lower in ALS compared to controls (log2 fold-change [log2FC] < -0.5). 

Proteins with the greatest reduction in ALS included ART3 and ANTXR2, among others (Figure 

1A, 1B). On the other hand, levels of 21 proteins (21 SOMAmers) were more than 40% elevated 
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compared to controls. Proteins with the greatest elevation in ALS included PDLIM3, CA3, 

MYL11, APOBEC2, TNNT2, TNNI2, MYOM2, ACTN2, KLHL41 and HSPB6, among others (Figure 

1A and 1C). Results were essentially unchanged irrespective of whether Plate ID was included 

as a fixed effect, a random effect or dropped entirely from the models. While the concentration 

of some proteins varied by sex, disease-related differential regulation of these proteins was not 

impacted by sex or underlying genotype (data not shown).  

 

A total of 20 CSF proteins (21 SOMAmers) were significantly differentially regulated between 

ALS and controls (Benjamini Hochberg adjusted p-value < 0.05). Most of these proteins were 

upregulated, with NEFL, NEFH, CHIT1, and CA3 being the most striking.  MYL11, PDLIM3, 

GPNMB, and GFAP, among others, were more modestly upregulated (Figure 1E-I). Disease-

associated regulation was not affected by sex or genotype (data not shown).  

 

Disease progression biomarkers in plasma 

Plasma markers of disease progression were identified primarily based on their association with 

a longitudinal change in ALSFRS-R, a measure of functional impairment (Figure 2). Proteins that 

increase with disease progression, selected based on highest log2FC and smallest adjusted p-

value, included TNNT2, PTN, PDLIM3, and MYL11. Conversely, proteins that decreased with 

disease progression, selected using the same criteria, included ANTXR2, CLEC3B, CRTAC1, ART3, 

and GDF11/MSTN (which share a high degree of amino acid sequence identity) (Figure 2A). 

Importantly, these candidate biomarkers remain consistent regardless of statistical method 

used (eFigure 3).  For GDF11/MSTN, based on SOMAmers that recognize each protein 

individually, this signal appears to be driven by the muscle mass regulator myostatin (MSTN) 

(eFigure 4). 

 

Similar plasma markers were consistently identified (e.g. TNNT2, PTN, PDLIM3, MYL11, ANTXR2, 

ART3, CLEC3B and GDF11/MSTN) irrespective of association with ALSFRS-R or follow-up 

duration (Figure 2A, eFigure 5).  The trajectories of the candidate markers of disease 

progression are illustrated for ANTXR2 (Figure 2B) and TNNT2 (Figure 2C). To illustrate the 
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potential utility of these biomarkers of disease progression, we indexed their rates of change to 

the standard error (namely, the t-value from the mixed effect models) and compare them to 

similar estimate for ALSFRS-R. On average ALSFRS-R declines by -0.72 points/month (SE 0.05) 

with a t-value of -13.7.  For ANTXR2 and TNNT2, rates of change are 11.2 (0.49) and -7.3 (0.48) 

units (log2 scale)/month, respectively, with t-values of 22.6 and -15.1. 

 

Temporally stable biomarkers in plasma 

Markers that were elevated in ALS compared to controls but remained relatively stable were 

not associated with time since baseline or with longitudinal change in ALSFRS-R (Figure 2D). Top 

candidates for such markers included MYOM2 (Figure 2E), ACTN2 (Figure 2F), and KLHL41. 

There was, however, substantial within-person variability in the relative concentration of these 

markers, which might limit their utility as potential response markers.  

 

Prognostic biomarkers in plasma and CSF 

In an unbiased analysis evaluating the relationship between baseline SOMAmer intensity and 

the subsequent rate of disease progression as measured by ALSFRS-R, no novel prognostic 

biomarker candidates were identified in plasma or CSF. When comparing proteins in patients 

with faster versus slower disease progression, however, some plasma proteins were modestly 

upregulated (e.g., PLIN3) while others were modestly downregulated (e.g., CLEC3B, CRTAC1); 

but these did not remain significant after p-value adjustment for multiple testing (data not 

shown). As expected, in CSF, NEFL SOMAmer intensity was greatest in those with faster disease 

progression compared to those with slower disease progression, although statistically 

significant differences were only apparent when compared to controls (Figure 1F). The same 

was true for CSF CHIT1 and MYL11 (Figure 1G, 1H), and with similar trends for PDLIM3 (Figure 

1I), GPNMB, GFAP and CA3 (eFigure 6).  

 

Replication in an independent cohort 

Candidate plasma and CSF biomarkers identified in the discovery cohort were largely replicated 

in an independent, albeit smaller, cohort (eFigure 7). In the replication cohort, lead plasma 
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candidates identified as elevated in ALS compared to controls included PDLIM3, CA3, MYOM2, 

MYL11, TNNT2, and APOBEC2, among others. Lead plasma candidates identified as lower in ALS 

included ART3 and ANTXR2. Lead biomarker candidates that were temporally stable in plasma 

included MYOM2, MYOM3 and CAPN3, whereas lead plasma biomarker candidates of disease 

progression included TNNT2, PDLIM3 and MYL11 (increasing), as well as ART3, ANTXR2 and 

CRTAC1 (decreasing). In CSF, CHIT1, NEFL, NEFH, and GPNMB were replicated as elevated in ALS 

vs. controls. A few biomarker candidates in plasma (e.g. EDA2R) and CSF (e.g. CA3) were not 

consistent across the discovery and replication cohorts. 

 

Biomarker confirmation through targeted immunoassay 

We observed a highly significant correlation between plasma SOMAmer intensity and TNNT2 

concentration (r=0.81, p<0.0001, eFigure 8B). In the ALS group, median (25
th

-75
th

 percentile) 

plasma TNNT2 concentration at baseline was 19ng/L (12-37) compared to 7ng/L (5-9) among 

controls (p<0.0001, eFigure 8B), and TNNT2 concentration increased by an average (95% CI) of 

0.44ng/L per month (0.24-0.64) (eFigure 8C). Similarly, we observed a highly significant 

correlation between plasma SOMAmer intensity and GPNMB concentration (r=0.66-0.93, 

depending on individual SOMAmer, with p<0.0001, eFigure 9A). In the ALS group, median (25
th

 

– 75
th

 percentile) plasma GPNMB concentration at baseline was 8.4ng/mL (6.9-10.9) compared 

to 4.4ng/mL (1.7-7.3) among controls (p=0.011, eFigure 9B). On average, GPNMB 

concentrations were relatively stable over time (eFigure 9C). 

 

Biological implications 

In a Genotype-Tissue Expression (GTEx)-based analysis, plasma biomarkers with adjusted p-

values <0.05 were linked to their putative organ of origin based on mRNA expression levels. An 

unbiased analysis plotting average log2FC vs. tau (a tissue specificity index), revealed that 

proteins with the largest average log2FC and highest specificity were encoded by skeletal 

muscle-specific genes. This observation held true for disease state (i.e. ALS vs. control) and 

temporally stable biomarkers, but not for disease progression biomarkers (eFigure 10). The 

enrichment in skeletal muscles was further illustrated based on the organ distribution of the 
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top hits for disease state and temporally stable biomarkers (Figure 3A, 3C); and more diverse 

tissue origins among top hit biomarkers of disease progression (Figure 3B).  

 

At a cellular level (based on the Human Proteome Atlas [HPA]), the top 10 proteins with highest 

statistically significant relative fold-change in ALS vs. controls are expressed almost exclusively 

in skeletal myocytes (Figure 3D). The same was true for candidate temporally stable 

biomarkers, with contribution from oligodendrocytes (CAPN3), hepatocytes (ADH1C) and 

Natural Killer cells (MYOM2) (Figure 3F). Biomarkers of disease progression were highly 

expressed in cardiac myocytes (TNNT2), skeletal muscle (ART3), microglia (CLEC3B), 

macrophages (CD209), and Schwann cells (ANTXR2) (Figure 3E). Importantly, these enrichment 

analyses were based on the expression atlas of healthy tissues and might differ for some genes 

in the context of diseased tissue or in response to environmental factors. 

 

The enrichment analyses based on molecular function, cellular component, and biological 

processes (Gene Ontology) as well as cell type signature (Human Molecular Signatures 

Database) similarly implicate skeletal muscle. Gene set enrichment analysis confirmed that 

muscle pathology is the dominant biological theme (Figure 4A-B). These analyses also revealed 

an increased immune/inflammatory signal in association with disease progression (Figure 4C-

D). 

 

DISCUSSION  

This ALS longitudinal proteomic study is unique, to date, insofar as it includes a large discovery 

cohort as well as a moderately sized replication cohort. In contrast, prior studies have been 

limited to cross-sectional samples from much smaller cohorts, in the range of 10-42 ALS and 5-

30 controls.
22-26

  Unlike most prior proteomic studies that focused exclusively on differentiating 

ALS vs. controls, our analysis strategy included consideration of prognostic and monitoring 

(both disease progression and temporally stable) contexts of use.  
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Among the ~7,000 SOMAmers measured, upregulated plasma markers in ALS versus controls 

most often reflect skeletal muscle biology, based on pathway analysis and tissue specificity. 

These proteins are also candidate biomarkers of disease progression: TNNT2, PDLIM3, and 

MYL11 increase significantly with disease progression, while ANTXR2, ART3, CLEC3B, and MSTN 

decrease significantly as the disease unfolds. Importantly, these findings were replicated in an 

independent cohort, and one of these markers (TNNT2) was analytically confirmed using the 

Roche immunoassay, providing strong evidence for its potential clinical utility. Skeletal muscle 

tissue has also been identified as a potential source of biomarkers, based on clinicopathological 

correlation with disease progression and evidence of similar dysfunction in the SOD1
G93A

 ALS 

mouse model.
27,28

 Moreover, while largely categorized as of skeletal muscle origin, some of the 

monitoring biomarkers we identified (e.g. ANTXR2 and PDLIM3) are either also expressed in, or 

interact with, extracellular matrix (ECM) components (eTable 2), and have been described in 

molecular pathways linked to inflammation, as well as tissue ageing and cell senescence.
29

  

 

In CSF, we confirmed prior observations that NEFL, NEFH and CHIT1 are elevated in 

ALS.
10,11,13,30,31

 The differential abundance of neurofilament proteins (e.g., NEFL) observed in 

CSF was less prominent in plasma, consistent with our other SomaScan profiling studies (data 

not shown). This may be attributable to non-specific binding of the SOMAmer or potential 

interference within the plasma matrix.  In addition, we identified CA3 and MYL11, the 

expression of which is enriched in skeletal muscle; as well as GPNMB, which is of multi-cellular 

origin and involved in synthesis of ECM components, and which exerts neuroprotective anti-

inflammatory effects through a broad spectrum of immune cells including astrocytes.
32

  

 

Until now, there have been limited biofluid markers for ALS disease progression, which might 

be used as outcome measures in early phase clinical trials. Our approach to biomarker 

discovery has identified and replicated an array of novel candidates that change over time as 

the disease progresses. Based on the rates of change of these biomarkers relative to their 

standard errors, they compare favorably to the ALSFRS-R, offering the added value of reliable 

quantification with less potential for evaluator bias. Each of these candidates will require 
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further analytical confirmation using suitable orthogonal bioanalytical methods, such as 

immunoassays.  Our identification of TNNT2 as a plasma marker that increases over time during 

the clinically manifest stage of disease is consistent with prior observations,
28,33-36

 including a 

small SomaScan study.
23

 TNNT2 is a structural protein integral to contractile properties of 

striated muscle. While TNNT2 is primarily expressed in cardiac muscle (both embryonic and 

adult), it is also transiently expressed in skeletal muscle during development
37

 and following 

denervation.
38

 Moreover, it has been reported that TNNT2 is re-expressed in diseased skeletal 

muscle in patients with a wide range of neuromuscular disorders.
39-41

  These observations are 

consistent with the known biology of skeletal muscle in which regeneration, a recognized 

source of TNNT2, is a response to injury. Indeed, muscle tissue expression of TNNT2 is 

increased in the SOD1 mouse model of ALS
42

 and in people with ALS.
28

 Notwithstanding an 

incomplete understanding of the biological mechanism, our data suggest that plasma TNNT2 

could be considered in pharmacological clinical trials to monitor the possible effects of 

therapeutic interventions. Interestingly, the decrease in MSTN (myostatin, a negative regulator 

of muscle growth) suggests a compensatory response, consistent with skeletal muscle 

transcriptional down regulation of MSTN.
28

  

 

The increase in PDLIM3 in ALS is of particular interest given the possibility that this might be 

related to loss of TDP-43 nuclear function, with resulting aberrant splicing.
43

 Single cell RNA-seq 

data of post-mortem FTD-ALS human brain showed that loss of nuclear TDP-43 is associated 

with widespread transcriptional changes, including upregulation of PDLIM3.
44

 Moreover, 

muscle biopsies from autosomal dominant rimmed vacuole myopathy patients with a 

frameshift mutation in TARDBP (the gene encoding the TDP-43 protein) displayed altered 

splicing patterns of pre-mRNAs encoding sarcomeric proteins (including PDLIM3) and 

upregulation of muscle regeneration genes.
45

  The basis for changes in proteins such as ANTXR2 

(Schwann cells), CAPN3 (oligodendrocytes), CD209 (macrophages), and MYOM2 (NK cells) is 

unclear, but might reflect an increasing immune/inflammatory cell signal in association with 

disease progression.   
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The SomaScan high-throughput proteomics assay employed in this study provided us with a 

unique opportunity to deeply profile the ALS disease proteome longitudinally and to identify 

novel biomarker candidates that may have remained undiscovered through other methods. 

While the aptamer-based proteomics proved to be a powerful tool for novel biomarker 

discovery at scale with the ability to measure thousands of proteins simultaneously, it is not 

without its limitations. The technology relies on aptamer-based assays, which provide only 

relative expression levels. Additionally, the potential for alterations to protein structure 

through oligomerization, degradation, post-translational modifications, or genetic 

polymorphisms could significantly and unpredictably alter binding affinity and quantification. 

Therefore, clinical application of these biomarkers will require more targeted technologies to 

ensure specificity and to permit absolute quantification. We already confirmed one of the top 

muscle marker candidates, TNNT2, and one of our top CSF hits, GPNMB. Similar efforts are 

underway for additional biomarker confirmation, which will further advance our candidates 

towards a clinical application. 

 

Strengths of this study include its use of a large discovery cohort with meticulously collected 

phenotypic data, as well as a replication cohort, albeit smaller in size. Also, our approach to 

biomarker discovery deviated from the more traditional approach of simply comparing ALS to 

controls. Instead, our analysis was predicated upon an understanding of the potential 

biomarker context of use. For example, to identify biomarkers of disease progression, we 

prioritized those with the strongest association with longitudinal measures of ALSFRS-R. 

Similarly, we sought to identify markers that are elevated or depressed in ALS relative to 

controls, but with relative stability over time, akin to monitoring biomarkers such as NfL. This 

approach has yielded a host of new biomarker candidates and underscores the importance of 

skeletal muscle biology. It has also implicated other biological mechanism related to 

inflammation and the potential role of the ECM in the unraveling of innate and adaptive 

immunological responses as characteristic features of disease. Importantly, our analytic 

approach to biomarker discovery has revealed the likely context of use for the biomarker 

candidates identified. 
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Table 1.  Participant Characteristics (Plasma) 

 

 Discovery Cohort Replication Cohort 

 ALS 
a
 Controls ALS 

b 
Controls 

Study Cohort      

Number of participants N 157 163 80 28 

Baseline age, years Median (Q1-Q3) 61 (54-68) 49 (37-58) 58 (51-66) 46 (40-56) 

Sex, male N (%) 74 (47%) 68 (42%) 44 (55%) 21 (75%) 

Baseline ALSFRS-R Median (Q1-Q3) 38 (32-42) NA 36 (31-41) NA 

Months since onset Median (Q1-Q3) 16.2 (7.7-32.7) NA 27.6 (18.1-38.2) NA 

Baseline ΔFRS, point(s)/month Median (Q1-Q3) 0.6 (0.3-1.1) NA 0.4 (0-2.8) NA 

Longitudinal Subset      

Number of participants N 132 108 37 0 

# of visits per person Median (range) 4 (2-14) 5 (2-9) 3 (2-3) 1 

ALSFRS-R = ALS Functional Rating Scale, Revised; ΔFRS = deltaFRS, calculated as (48 - baseline ALSFRS-R) / (months from onset to baseline); 

Q1 = 1
st
 quartile; Q3 = 3

rd
 quartile. 

 
a 
Includes 35 SOD1, 16 C9orf72, 5 other genes, and 101 with no pathogenic variant identified. 

b 
Includes 3 C9orf72. 
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FIGURE LEGENDS 

 

Figure 1. Plasma and CSF markers differentially regulated in ALS vs. healthy controls 

(A-D) Plasma markers. (A) Volcano plot of ALS compared to healthy controls. SOMAmers in red 

have intensities that are statistically different. (B-C) Boxplots showing normalized age-, sex- and 

plate-adjusted SOMAmer intensities across controls and ALS for ART3 and PDLIM3. (D) Boxplot 

showing normalized age-, sex-, and plate-adjusted SOMAmer intensities for PDLIM3, in controls 

and ALS subgroups based on estimated disease progression rate.  (E-I) CSF markers. (E) Volcano 

plot of ALS compared to healthy controls. SOMAmers in red have intensities that are 

statistically different. (F-I). Boxplots showing normalized age-, sex-, and plate-adjusted 

SOMAmer intensities for NEFL, CHIT1, MYL11 and PDLIM3, in controls and in ALS subgroups 

based on estimated progression rate. Adjusted P-value <0.001 denoted by ***; 0.001-0.01 

denoted by **; 0.01-0.05 denoted by *; and 0.05-0.1 by “x”.  RFU = relative fluorescence units. 

Seq.number, annotations of SOMAmers 

 

Figure 2. Monitoring biomarkers in plasma 

(A-C) Disease progression biomarkers.  (A) Volcano plot showing adjusted p-values vs. change 

of log2 SOMAmer intensity per 1-point change in ALSFRS-R, estimated by LME. Negative values 

signify negative correlation, with protein (e.g. TNNT2, PTN, PDLIM3) levels increasing as ALSFRS-

R declines (i.e. disease progresses). Positive values signify positive correlation, with protein (e.g. 

ANTXR2, CLEC3B, CRTAC1) levels decreasing as ALSFRS-R declines. SOMAmers marked in red 

are significantly associated with ALSFRS-R, with an adjusted p-value of <0.05.  (B-C) Boxplots 

(comparing ALS to controls) and spaghetti plots (SOMAmer intensity vs. ALSFRS-R) of ANTXR2 

and TNNT2, as two illustrative examples.  (D-F) Temporally stable biomarkers.  (D) Heatmap 

showing regression coefficients for top 10 examples of proteins, whose matching SOMAmers 

meet the dual criteria of having the greatest log-fold change in SOMAmer intensity in ALS 

compared to controls AND remaining relatively stable (i.e. no evidence for significant change) 

over time and across disease progression. The left panel shows log2FoldChange indicating 

difference of mean protein level in plasma of ALS vs control, while the right panel shows 
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regression coefficients (Estimate) for change of protein level on log2 scale per 1 month disease 

duration since baseline and the same change per 1 unit of ALSFRS-R (2
nd

 and 3
rd

 columns, 

respectively).  (E-F) Boxplots (comparing ALS to controls) and spaghetti plots (SOMAmer 

intensity vs. ALSFRS-R) of MYOM2 and ACTN2, as two illustrative examples.  RFU = relative 

fluorescence units.  padj = adjusted p-values. 

 

Figure 3. Plasma biomarkers are encoded by muscle-enriched genes 

Left and right panels show results of GTEX- and Human Protein Atlas (HPA)-based enrichment 

analysis.  (A-C) Heatmaps showing scaled mean transcript per million (TPM) values for each 

organ for genes encoded by plasma biomarkers selected by lowest adjusted p-value. Sidebars 

on the right indicate effect size based on log2FC in SOMAmer intensity, comparing ALS vs. 

controls (A, C) and per unit change in ALSFRS-R (B). (D-F) Heatmaps showing scaled normalized 

TPM values for plasma biomarkers selected by lowest adjusted p-value in the selected cell 

types. Sidebars on the right indicate effect size based on log2FC in SOMAmer intensity, 

comparing ALS vs. controls (D, F) and per unit change in ALSFRS-R (E). The log2FC value for 

MSTN corresponds to MSTN|GDF11 SOMAmer seq.2765.4 (E). 

 

Figure 4. Gene ontology-based enrichment 

Skeletal muscle signature in plasma is among the top enriched gene sets differentiating ALS vs. 

controls, while immune/inflammatory features are among the top signatures associated with 

disease progression. Enrichment plots show top 5 upregulated and top 5 downregulated Gene 

Ontology (GO) terms and cell type-specific signatures in plasma SOMAmers that are 

differentially regulated in ALS vs. controls (A, B), and associated with ALSFRS-R (C, D). NES = 

normalized enrichment score. Dot size represents the number of proteins overlapping with a 

gene signature. Note that the sign for NES in A and B coincides with the directional change of 

protein level in ALS vs. controls, with a positive NES indicating upregulation of a given gene 

signature, and a negative NES indicating depression of a given gene signature. By contrast, the 

sign for NES in C and D coincides with the ALSFRS-R, with a negative NES reflecting genes 

associated with a lower ALSFRS-R (i.e. more advanced disease).  
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