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Metabolomics identifies shared lipid 
pathways in independent amyotrophic 
lateral sclerosis cohorts

Stephen A. Goutman,1,2,† Kai Guo,1,2,† Masha G. Savelieff,2,† Adam Patterson,1,2 
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and Eva L. Feldman1,2

†These authors contributed equally to this work.

Amyotrophic lateral sclerosis (ALS) is a fatal neurodegenerative disease lacking effective treatments. This is due, in part, to a 
complex and incompletely understood pathophysiology. To shed light, we conducted untargeted metabolomics on plasma 
from two independent cross-sectional ALS cohorts versus control participants to identify recurrent dysregulated metabolic 
pathways. Untargeted metabolomics was performed on plasma from two ALS cohorts (cohort 1, n = 125; cohort 2, n = 225) and 
healthy controls (cohort 1, n = 71; cohort 2, n = 104). Individual differential metabolites in ALS cases versus controls were as
sessed by Wilcoxon, adjusted logistic regression and partial least squares-discriminant analysis, while group lasso explored 
sub-pathway level differences. Adjustment parameters included age, sex and body mass index. Metabolomics pathway en
richment analysis was performed on metabolites selected using the above methods. Additionally, we conducted a sex sen
sitivity analysis due to sex imbalance in the cohort 2 control arm. Finally, a data-driven approach, differential network 
enrichment analysis (DNEA), was performed on a combined dataset to further identify important ALS metabolic pathways. 
Cohort 2 ALS participants were slightly older than the controls (64.0 versus 62.0 years, P = 0.009). Cohort 2 controls were over- 
represented in females (68%, P < 0.001). The most concordant cohort 1 and 2 pathways centred heavily on lipid sub-pathways, 
including complex and signalling lipid species and metabolic intermediates. There were differences in sub-pathways that 
were enriched in ALS females versus males, including in lipid sub-pathways. Finally, DNEA of the merged metabolite dataset 
of both ALS and control cohorts identified nine significant subnetworks; three centred on lipids and two encompassed a 
range of sub-pathways. In our analysis, we saw consistent and important shared metabolic sub-pathways in both ALS co
horts, particularly in lipids, further supporting their importance as ALS pathomechanisms and therapeutics targets.
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Introduction
Amyotrophic lateral sclerosis (ALS) is a fatal and progressive motor 
neuron disease,1 which lacks effective treatments or cures. 
Therefore, understanding the disease mechanisms2 is important 
to identifying novel therapeutic targets. ALS pathogenesis is com
plex and influenced by genetic,3 epigenetic4 and environmental5,6

factors. An organism’s metabolome derives from the cumulative 
effect of genetic, epigenetic, transcriptomic and proteomic forces, 
superimposed with environmental effects. Thus, metabolomics is 
a useful tool for investigating complex diseases that arise from 
multiple influences,7 including ALS.8 Moreover, the metabolome 
can reflect dysregulation from pathological processes, providing 
clues to potential treatment avenues. Specifically, in ALS, oxidative 
stress was identified as a disease characteristic through the obser
vation of oxidized metabolites, e.g. nitric oxide and its toxic metab
olite, peroxynitrite,9 or oxidized lipids.10 This line of research 
supported antioxidants as an ALS therapeutic, which led to clinical 
trials of edaravone,11 which culminated in US Food and Drug 
Administration (FDA) approval, constituting one of only two drugs 
available for treating ALS.

To date, a handful of studies have employed untargeted 
metabolomics to identify differential metabolites and metabolic 
pathways in ALS versus control participants.12–15 These studies 
uncovered multiple dysregulated pathways, including li
pid,14,16,17 amino acid,14,18–21 and polyamine18 metabolism. 
Although extremely insightful, these studies were limited to 
approximately 400 metabolites or less. Seeking further under
standing, we recently utilized a commercial untargeted metabo
lomics platform of up to 3300 detectable compounds to yield 
insight into ALS mechanisms.22 Our analysis included 899 
metabolites, which spanned both novel and previously identified 
sub-pathways in ALS. Additionally, replication metabolomics 
studies are lacking in ALS, posing a significant roadblock, which 
prevents metabolomics applications in ALS from making truly 
meaningful advances.

In the current study, we sought to overcome this roadblock by 
performing a metabolomics analysis of an independent replica
tion cohort using the same commercial platform as our initial co
hort.22 Replication cohorts are essential to understanding the 
reproducibility of metabolomics for identifying potential disease 
biomarkers for diagnostic applications8 and pathomechanisms 
for drug development, which is especially pertinent for a complex, 
heterogeneous disease like ALS. We report the first ALS metabolo
mics replication study, to our knowledge, to identify potentially 
important, recurrent metabolic pathways and build prediction 
models from two independent cohorts to assess the feasibility of 
metabolomics for discovery in ALS. We identified shared and im
portant pathways in the original and replication cross-sectional 
ALS cohorts using knowledge-based enrichment analysis, which 
centred on fatty acid and sphingomyelin metabolism as well as 
creatine and xanthine metabolism. We also combined the two da
tasets and implemented differential network enrichment analysis 
(DNEA),23 a data-driven approach, which does not rely on known 
pathway annotation, allowing the method to uncover new poten
tial metabolite correlations. Lastly, we generated prediction mod
els leveraging metabolic data from the original cohort, which we 
employed to predict cases in the replication cohort. Collectively, 
these data confirm an association between distinct metabolite 
and lipid signatures in ALS and uncover new areas of research 
into ALS pathogenesis, biomarker identification and therapy 
development.

Materials and methods
Participants and biosamples

Our enrollment strategy is published.6,22 Briefly, we recruited ALS 
patients older than 18 years and able to communicate in English 
seen at the University of Michigan Pranger ALS Clinic. Control par
ticipants were also recruited through the University of Michigan 
Institute for Clinical and Health Research. Participants provided 
their age, sex, height, and weight and underwent a clinical examin
ation, including assessment of the ALS functional rating score– 
revised (ALSFRS-R) and other ALS characteristics. Participants 
also provided plasma samples, which were non-fasted, because it 
was deemed unethical to request ALS patients to fast. Studies 
show lack of dietary effects on the plasma lipidomics profile24

and low intra-individual variation in non-fasted plasma25; thus, 
deep grained plasma metabolomics/lipidomics signatures of dis
ease exist, independent of diet. We collected plasma samples 
from unfasted ALS participants via peripheral venipuncture, cen
trifuged at 2000g for 10 min at 4°C, aliquoted into cryovials and 
stored at −80°C, following good clinical practice. Samples were col
lected in exactly the same manner for cohort 1 and cohort 2, follow
ing a standard operating procedure conforming to the Centers for 
Disease Control and Prevention guidelines. Additionally, all sam
ples were stored at −80°C, to minimize changes to sample metabol
ite composition.26 Verbal and written informed consent were 
obtained from all participants and the study was approved by the 
University of Michigan institutional review board (HUM00028826).

Metabolomic profiling

Untargeted metabolomics profiling of plasma samples was per
formed by ultra-high performance liquid chromatography-tandem 
mass spectroscopy (UPLC-MS/MS) by Metabolon (Durham, NC).27,28

Multiple recovery and internal standards were added to plasma 
samples for evaluating extraction efficiency and instrument per
formance, respectively, before the sample extraction process using 
methanol. Following sample extraction, metabolites were analysed 
by reverse-phase UPLC-MS/MS, in both positive and negative ion 
mode, and hydrophilic interaction chromatography UPLC-MS/MS. 
In addition to the spiked internal standards within each sample, a 
pooled ‘technical replicate’ generated from all study samples was 
periodically injected into the UPLC-MS/MS to assess instrument 
performance and calculate overall process and platform variability. 
Metabolites were identified by retention time/index, 
mass-to-charge ratio, and chromatographic data against authenti
cated standards and validated by Metabolon through data curation. 
Day-to-day variability was accounted for by rescaling the daily me
dian for each metabolite to one and scaling that metabolite within 
each sample proportionately against the median. Missing values 
were replaced by the minimal value detected for that metabolite 
in the entire cohort, per Metabolon protocols.27,29

Metabolites detected in >80% of samples (missingness <20%) 
were included in downstream analyses. This differed from our re
cent publication of the original cohort,22 which was more focused 
on the discovery of ALS mechanisms and hypothesis develop
ment, and included metabolites detected in >60% of samples 
(missingness <40%). In this present analysis, we were more inter
ested in rigorous test reliability and thus employed more stringent 
missingness criteria, reanalysing the original cohort 1 and analys
ing the replication cohort 2 with the missingness cutoff <20%. 
Missingness was generally low (Supplementary Tables 1 and 2), 
and most metabolites were detected in 99.5–100% of samples 
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(Supplementary Fig. 1). Thus, despite the more stringent criteria of 
metabolites with missingness <20% in this analysis, the overlap 
with metabolites with missingness <40% from the previous ana
lyses was high and similar metabolites were selected using the 
two missingness cutoffs (Supplementary Fig. 2).

Differential metabolite identification

Analytical methods

The statistical analysis plan in this report follows our recent publi
cation,22 but draws upon cases and controls from both the original 
cohort (cohort 1 ALS cases, cohort 1 controls)22 and a new second 
replication cohort (cohort 2 ALS cases, cohort 2 controls). Thus, 
ALS case and control demographics were summarized and com
pared using chi-square and Wilcoxon rank-sum tests, as appropri
ate, across these four groups. Some missing demographic data from 
the initial publication have since been obtained, accounting for 
slight differences in the previous and current reported medians 
for cohort 1. Metabolite missingness was summarized across 
the original and replication datasets. As in our prior publication, 
we performed a series of case and control metabolite analyses 
and then compared the overlap in selected metabolites 
(Supplementary Fig. 3). An ‘unadjusted’ model used the non- 
parametric Wilcoxon rank-sum test to compare non-normally dis
tributed metabolites with Benjamini–Hochberg P-value correction 
for multiple comparisons. An ‘adjusted’ model used logistic regres
sion, adjusted for age, sex and body mass index (BMI) and regressed 
each natural log-transformed and standardized metabolite against 
case/control status. Participants were dropped from the analysis if 
they were missing a BMI value. P-values were adjusted for multiple 
comparisons using Benjamini–Hochberg correction.

Partial least squares-discriminant analysis (PLS-DA) was per
formed using the R package mixOmics30 separately on the original 
and replication case and control cohorts (Supplementary Fig. 3). 
Differences in metabolites between cases versus controls were vi
sualized with score plots of the variable importance in projection 
(VIP).31,32 Metabolites with significant contributions to group separ
ation had VIP > 1. The 10-fold cross-validation to select the tuning 
parameter for the PLS-DA analysis is shown in Supplementary Fig. 
4A and B. To assess similarities in sub-pathways selected in the ori
ginal and replication cohorts, we again used group lasso, adjusted for 
age, sex and BMI, using the gglasso R package with natural log- 
transformed and standardized metabolite data (Supplementary 
Fig. 3). Five-fold cross-validation was used to select the tuning par
ameter corresponding to a sparse model within 1 standard error 
(SE) of the minimum cross-validation error. Once the tuning param
eter, corresponding to the group lasso penalty was finalized, group 
lasso was refit to the full dataset to obtain the final model. The five- 
fold cross-validation to select the tuning parameter for the group 
lasso analysis is shown in Supplementary Fig. 4C and D.

Overlapping metabolites and sub-pathways selected by each 
model (Wilcoxon, logistic regression, PLS-DA, group lasso) from 
each original cohort 1 and replication cohort 2 were represented 
in Venn diagrams.

Metabolite correlation with ALSFRS-R

Heatmaps were generated from the relative abundance of the 20 
top differential metabolites in ALS versus controls, shared by 
both cohort 1 and cohort 2, as a function of the ALSFRS-R score at 
the time of plasma collection. Relative abundances were scaled 

by row. ALS participants were sorted by log2(ALSFRS-R), from high 
to low score.

Construction of case prediction models

To examine the feasibility of predicting metabolite-based ALS 
cases, machine learning classification models were constructed 
using PLS-DA, group lasso and random forest (RF). Prediction accur
acy was calculated by the area under the curve (AUC) for each mod
el, which were visualized through receiver operating characteristic 
(ROC) curves generated by the R package pROC.

Metabolism pathway analysis

We used the R package richR (https://github.com/hurlab/richR/) for 
pathway enrichment analysis (Supplementary Fig. 3). Sub-pathways 
were annotated by Metabolon. Over-represented sub-pathways 
were determined from the metabolites selected by unadjusted 
Wilcoxon, adjusted logistic regression, PLS-DA and group lasso 
models. A hypergeometric test was performed for each candidate 
sub-pathway. Sub-pathways with a P-value <0.05 were deemed sig
nificantly enriched.

Sex sensitivity analysis

To assess the impact of the sex imbalance, we performed a sex sen
sitivity analysis. Briefly, the original datasets were separated based 
on sex, each of which was analysed for differential metabolites and 
enriched pathways between case and control using the above ana
lyses. Then, the results were compared between male and female at 
the metabolite- and pathway-levels.

Statistical software

All statistical and prediction analyses were performed using R stat
istical computing software.

Differential network enrichment analysis

To further understand the metabolic alterations underlying ALS, 
we merged the two datasets (cohort 1 and 2) and analysed them 
using the data-driven DNEA approach.

Metabolite selection and data treatment

The cohort 1 and 2 datasets, containing the same metabolite com
pound identifiers, were merged, numbering 954 total metabolites. 
Drug-related metabolites and metabolites with missingness <20% 
in either or both datasets were excluded, leaving 640 total metabo
lites. Missing values for these metabolites were imputed using each 
metabolite’s minimum value. All measurements were subsequent
ly log-transformed.

Covariate adjustment, autoscaling and dataset merging

We assessed batch effects within and between runs from both co
horts using principal components analysis (PCA). For each dataset 
separately, metabolites were linearly adjusted for age, sex and 
BMI. Out of 525 participants, only 15 had missing BMI values. 
Several imputation methods to approximate BMI values were 
tested, including simple (mean/median imputation) and machine- 
learning (linear regression, random forest, support vector regres
sion) approaches. A linear model using the abundance of a select 
number of metabolites that correlated with BMI generated the 
best results. Thus, BMI values were imputed using linear models 
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based on the top 13 and 23 metabolites from cohort 1 and cohort 2, 
respectively, which correlated most strongly with BMI. After adjust
ment, each cohort 1 and cohort 2 dataset was separately autoscaled 
(mean centred and scaled by the standard deviation) to obtain an 
N(0,1) distribution for each metabolite. The adjusted and normal
ized datasets from the two original and replication cohorts were fi
nally merged into a single dataset. PCA analysis demonstrates 
elimination of batch effects (Supplementary Fig. 5).

Differential network enrichment analysis method

We employed DNEA to identify metabolite subnetworks that dif
ferentiate ALS from control samples. DNEA methodology has 
been described previously.23,33 Briefly, DNEA computes a partial 
correlation network using metabolomics data from two condi
tions (i.e. ALS and control) jointly. Due to an imbalance in the 
number of samples in ALS versus control groups, we employed a 
subsampling procedure coupled with partial correlation network 
estimation to obtain robust network edges, as described in Iyer 
et al.23 The network was then clustered into densely-connected 
metabolite subnetworks. Next, we performed an enrichment ana
lysis using the NetGSA method,34 which takes into account differ
ential metabolite abundances as well as the differences in 
network structure between cases and controls. DNEA results con
sist of computed subnetworks and their respective P-values and 
false discovery rate (FDR)-adjusted q-values, which correspond 
to significant subnetwork differences between cases and controls. 
We applied DNEA to the full dataset as opposed to each dataset 
separately to have a sufficient sample size, n, compared with 
the metabolite count, p, for the partial correlation network 
computation.

Data availability

Anonymized data will be shared by request from any qualified 
investigator.

Results
Original and replication ALS cohorts reflect typical 
ALS populations

The original cohort included 125 ALS and 71 control participants, 
and the replication cohort included 225 ALS and 104 control partici
pants (Table 1). Age at plasma collection differed between groups 
overall (P = 0.013); replication ALS cases were slightly older than 
replication controls (P = 0.009). Replication ALS cases also had a 
lower proportion of females versus replication controls. There 
were no statistically significant differences in BMI or race between 
the four groups. There were no differences between the original 
and replication ALS groups in ALS family history, age at diagnosis, 
El Escorial criteria, onset segment, ALSFRS-R at plasma collection, 
time between symptom onset and diagnosis, time between diagno
sis and blood draw and percentage of participants with feeding 
tubes. The original and replication ALS cohorts both reflect a typical 
ALS population, with median diagnostic ages of 62.0 and 63.0 years, 
intervals between symptom onset and diagnosis of 1.01 and 1.07 
years and onset segment of bulbar 30.4 and 26.7%, cervical 30.4 
and 38.8% and lumbar 39.2 and 34.9% for the original and replica
tion cohorts, respectively. Plasma was collected within [median 
(25th–75th percentile)] 0.57 (0.36–0.75) years of diagnosis in the ori
ginal cohort 1 and within 0.60 (0.36–1.12) years of diagnosis in the 
replication cohort 2.

Metabolite profiling in original and replication 
cohorts

In the original cohort 1, we identified and evaluated 1051 known 
metabolites by descriptive statistics by case/control status 
(Supplementary Table 1), of which 258 had missingness >20% and 
were removed from further analyses. In the replication cohort 2, 
we identified and evaluated 1019 known metabolites by descriptive 
statistics by case/control status (Supplementary Table 2), of which 
315 had missingness >20% and were removed from further ana
lyses. Metabolites identified in the original but not the replication 
cohort are listed in Supplementary Table 3. Conversely, metabolites 
unique to the replication cohort are listed in Supplementary 
Table 4. Metabolites were matched by ChemID, since Metabolon 
changed some metabolite names between the two cohorts. In our 
prior publication,22 very few drug metabolites satisfied missingness 
criteria. Those that did, such as riluzole, only correlated weakly 
with other measured metabolites and therefore exerted a minimal 
impact on metabolite associations. Furthermore, another study de
monstrated there were no differences in metabolites identified 
after washing out typical ALS drugs.35 Thus, we further excluded 
any drug metabolites, which will not unduly bias case/control asso
ciations. A total of 793 and 703 metabolites for the cohorts 1 and 2, 
respectively, were used for differential metabolite and pathway 
analysis.

Differential metabolites in ALS cases versus controls

Wilcoxon identified 268 and 335 significant differential metabo
lites in the original and replication cohorts, respectively (adjusted 
P-value <0.05), visualized by volcano plot (Supplementary Fig. 6). 
Of these, 101 were unique to the original cohort and 168 to the rep
lication cohort and 167 were shared (Supplementary Fig. 7A). 
Next, logistic regression, adjusted for age, sex and BMI, identified 
289 and 317 metabolites in the original and replication cohorts, 
respectively, presented in Manhattan plots at the sub-pathway le
vel (Supplementary Fig. 8). Of these, 99 were unique to the original 
cohort, 127 to the replication cohort, and 190 were shared 
(Supplementary Fig. 7B). There were differences among metabo
lites selected by Wilcoxon versus age-, sex- and BMI-adjusted lo
gistic regression (Supplementary Fig. 9), suggesting that clinically 
important variables in ALS, such as age, sex and BMI, may signifi
cantly affect metabolite relationships between cases versus 
controls.

PLS-DA identified 275 and 230 metabolites in the original and 
replication cohorts (Supplementary Fig. 7C), respectively, with VIP 
> 1 that separated cases from controls (Fig. 1A and B). Of these, 
136 were unique to the original cohort and 91 to the replication co
hort, whereas 139 were shared by both cohorts (Supplementary Fig. 
7C). The top 50 metabolites, with the highest VIP and largest contri
bution to case/control separation, are presented in a VIP score plot 
(Fig. 1C and D). Among these top 50 metabolites, 19 were common 
between the original and replication cohorts. As previously re
ported,22 we also performed group lasso because it considers sub- 
pathway structure to evaluate significant ALS and control metabol
ite differences. Age-, sex- and BMI-adjusted group lasso identified 
251 and 299 differential metabolites [odds ratio (OR) ≠ 1] in the 
original and replication cohorts, respectively (Supplementary 
Fig. 7D), which represented 35 and 42 sub-pathways, respectively. 
Of these metabolites, 127 were unique to the original cohort 
and 175 to the replication cohort, whereas 124 were shared 
(Supplementary Fig. 7D). Heatmaps visualize relative abundance 
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differences between ALS versus controls for all group lasso metabo
lites in the original and replication cohorts (Supplementary Fig. 10). 
Among the top 50 metabolites, 14 were common between the ori
ginal and replication cohorts.

Finally, Venn diagrams illustrate the unique number of metabo
lites for each analysis and for each cohort (Supplementary Fig. 9).

Differential metabolites correlate with ALSFRS-R

To assess whether metabolites correlate with clinical status, we 
plotted heatmaps of the relative abundance of the 20 top differential 
metabolites in ALS versus controls, shared by both cohort 1 and co
hort 2, as a function of the ALSFRS-R score at the time of plasma col
lection (Fig. 2). When we sorted ALS participants by ALSFRS-R from 
high to low score, this generated an overall trend of decreasing me
tabolites with worsening ALS status. Interestingly, and aligned with 
the significant sub-pathways, several sphingolipids were among the 
metabolites that correlated with ALSFRS-R, such as lignoceroyl 
sphingomyelin (d18:1/24:0), sphingomyelin (d18:1/20:0, d16:1/22:0) 
and sphingomyelin (d18:1/14:0, d16:1/16:0), as well as acylcarnitines 
[e.g. lignoceroylcarnitine (C24)]. However, although sphingomyelin 
abundance is elevated in ALS cases versus participants, these 

specific sphingolipid species were lower in patients with more ad
vanced disease.

Case prediction models

We leveraged our two independent cohorts to construct case pre
diction models. The original cohort 1 dataset was used to build 
PLS-DA, group lasso and RF prediction models to identify ALS cases 
in the replication cohort 2. Prediction accuracy was calculated by 
AUCs and visualized by ROC curves (Fig. 3). Metabolites that con
tributed to models are outlined in Supplementary Tables 5–7. 
Group lasso and PLS-DA had very similar AUCs (0.945 and 0.944, re
spectively), which were slightly higher versus RF (AUC of 0.903). As 
anticipated, creatine and creatinine were among the most strongly 
contributing metabolites to all three models, likely secondary to 
muscle loss and not to the causative disease process. Thus, they 
may not be specific to ALS.

Metabolites related to antioxidant defense and polyamine me
tabolism were high on the list in the group lasso model, amino 
acid metabolism in the PLS-DA model and xenobiotics and amino 
acids in the RF model. Additional strongly influential metabolites 
(top 10) include sphinganine and sphingadienine (members of 
‘Sphingolipid Synthesis’) in the group lasso prediction model, 

Table 1 Participant demographics

Covariate Original Cohort 1 Replication Cohort 2 P-value

ALS cases (n= 125) Controls (n= 71) ALS cases (n= 225) Controls (n= 104)

Age at plasma collection, yearsa 63.0 (53.3–69.6) 60.5 (53.4–64.8) 64.8 (56.7–71.3) 62.0 (55.7–67.5) 0.013
Sexa <0.001

Female 51 (40.8) 29 (39.4) 101 (45) 71 (68.0)
Male 74 (59.2) 42 (60.6) 124 (55) 33 (32.0)

BMI at study entry, kg/m2b 25.8 (23.0–29.7) 27.3 (24.6–31.1) 26.0 (22.6–30.2) 27.3 (24.3–30.4) 0.051
Racea

Asian 0 (0) 0 (0) 3 (1.3) 3 (2.9)
Black or African American 2 (1.6) 2 (2.8) 5 (2.2) 6 (5.8)
Not reported 1 (0.9)
White or Caucasian 123 (98.4) 69 (97.1) 217 (96.5) 94 (90.4)

Family history of ALS 0.68
No 112 (89.6) 195 (86.7)
Yes 10 (8.0) 25 (11.2)
Unknown 2 (1.6) 4 (1.8)
Missing 1 (0.8) 1 (0.4)

ALSFRS-R at plasma collection 33 (27–37) 31 (25–36) 0.11
Age at diagnosis, yearsa 62.2 (52.7–68.7) 63.8 (54.6–70.7) 0.24
El Escorial criteriaa 0.17

Suspected 3 (2.4) 13 (5.8)
Possible 19 (15.2) 30 (13.0)
Probable, LS 37 (29.6) 59 (26.3)
Probable 42 (33.6) 60 (26.8)
Definite 24 (19.2) 63 (28.1)

Onset segmenta 0.30
Bulbar 38 (30.4) 60 (26.7)
Cervical 38 (30.4) 87 (38.8)
Lumbar 49 (39.2) 78 (34.9)

Time between diagnosis and blood draw, yearsa 0.57 (0.36–0.75) 0.61 (0.36–1.13) 0.33
Time between symptom onset and diagnosis, yearsa 1.01 (0.68–1.51) 1.07 (0.70–1.84) 0.53
PEG tube present, % 8 (6.4) 27 (12.0) 0.56

Table of descriptive statistics for the overall participant study population. Continuous variables represented as the median (25th–75th percentile) and for categorical variables as 

n (%). P-values correspond to Wilcoxon rank-sum test for continuous variables and chi-squared test for categorical variables. LS = lab supported; NA = not available; PEG = 
percutaneous endoscopic gastrostomy. 
aMedian, 25th percentile and 75th percentile are computed using all cases and controls (no missing subjects). 
bMedian, 25th percentile and 75th percentile are computed using 119 original cohort cases, 67 original cohort controls (six cases and four controls are missing), 218 replication 

cohort cases, 84 replication cohort controls (seven cases and three controls are missing).

http://academic.oup.com/brainj/article-lookup/doi/10.1093/brain/awac025#supplementary-data
http://academic.oup.com/brainj/article-lookup/doi/10.1093/brain/awac025#supplementary-data
http://academic.oup.com/brainj/article-lookup/doi/10.1093/brain/awac025#supplementary-data
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which were less discriminating in the PLS-DA and RF models. 
Nevertheless, several sphingomyelins, e.g. sphingomyelin (d18:1/ 
18:1, d18:2/18:0) and sphingomyelin (d18:2/16:0, d18:1/16:1), were 
in the top 100 metabolites of the PLS-DA and RF models. Thus, over
all, all models performed well and could predict ALS cases with 
good accuracy. This supports metabolomics as a feasible approach 
for ALS biomarker discovery, although future studies will need to 
include disease mimics to assess specificity.

Differential sub-pathways in ALS cases versus 
controls

As before,22 we next performed pathway enrichment analysis to 
identify over-represented sub-pathways based on differential me
tabolites identified by the various analysis methods. In the original 
cohort, Wilcoxon, adjusted logistic regression, PLS-DA and group 
lasso enriched 12, 13, 12 and 23 sub-pathways, respectively 
(Fig. 4). For the replication cohort, Wilcoxon, adjusted logistic re
gression, PLS-DA and group lasso enriched 16, 13, 14 and 25 sub- 
pathways, respectively (Fig. 4). There were few fully concordant 
sub-pathways that were selected across all four analytical methods 
in both the original and replication cohorts. However, the concord
ant sub-pathways selected by multiple methods in both cohorts 
centred heavily on lipid sub-pathways, including ‘long chain satu
rated fatty acid’, ‘long chain polyunsaturated fatty acid (n3 and n6)’, 
‘long chain monounsaturated fatty acid’, ‘fatty acid metabolism 
(acyl carnitine, polyunsaturated)’ (Supplementary Fig. 11) and 
‘sphingomyelins’. With few exceptions, acylcarnitines, which are 
partially metabolized intermediates, of all chain lengths and satur
ation level were elevated in ALS cases versus controls. ‘Xanthine’ 
and ‘creatine’ were also repeatedly selected.

There were sub-pathways that were highly selected by multiple 
analytical methods but were mostly consigned to one cohort or the 
other. For instance, lipid ‘ceramides’, ‘hexosylceramides’, antioxi
dant ‘gamma-glutamyl amino acid’ and xenobiotics ‘benzoate’ 
were widely selected in the original cohort, whereas lipid ‘sphingo
sines’, ‘fatty acid metabolism (acyl carnitine, hydroxyl)’, ‘fatty acid 
metabolism (acyl carnitine, dicarboxylate)’ and energy ‘TCA (tri
carboxylic acid) cycle’ were selected in the replication cohort. 
There was overlap in some of these sub-pathways between the 
two cohorts. The most significant sub-pathway was ‘sphingomye
lins’ by group lasso of the original cohort, which was also selected 
in the replication cohort.

Sensitivity analysis for sex imbalances

The original cohort 1 was well-balanced for sex; however, females 
were overrepresented in the control group of the replication cohort 
2, which led to differences in the sex composition of the original 
and replication cohort. Therefore, we conducted a sensitivity ana
lysis to evaluate whether the imbalance contributed to uncertainty 
in the outcomes. Moreover, we36,37 and others38 have noted that 
sex is an important clinical factor in ALS; thus, analysis by sex 
may yield additional insight. We repeated the Wilcoxon, logistic 
regression, PLS-DA and group lasso analyses in male cohort 1 
(n = 74 ALS, n = 42 control) and female cohort 1 (n = 51 ALS, n = 29) 
separately, which were compared to the combined original cohort 
1, and additionally in male cohort 2 (n = 123 ALS, n = 33 control) and 
female cohort 2 (n = 101 ALS, n = 70 control) separately, which were 
compared to the combined replication cohort 2 (Fig. 5 and 
Supplementary Fig. 12).

Figure 1 PLS-DA analysis of ALS cases versus controls for original and replication cohorts. (A and B) PLS-DA score plot of ALS cases (red) versus controls 
(blue) for (A) original cohort 1, and (B) replication cohort 2, individually; each dot represents an individual participant. (C and D) The VIP score plot of the 
top 50 PLS-DA metabolites, which most significantly separate ALS cases from controls for (C) original cohort 1 and (D) replication cohort 2, individually. 
A total of 275 (original) and 230 (replication) metabolites had VIP >1. Among the top 50 PLS-DA metabolites, 19 were shared between the original and 
replication cohorts. LV = latent variables.

http://academic.oup.com/brainj/article-lookup/doi/10.1093/brain/awac025#supplementary-data
http://academic.oup.com/brainj/article-lookup/doi/10.1093/brain/awac025#supplementary-data
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Some interesting observations arose from the sex sensitivity 
analysis. Although ‘fatty acid metabolism (acyl carnitine, polyun
saturated)’ was almost invariably selected by all analysis methods, 
in both sexes, certain lipid focused sub-pathways were selected 
more frequently and/or significantly in ALS females, either in the 
original or replication cohorts, such as ‘long chain saturated fatty 
acid’, ‘long chain polyunsaturated fatty acid (n3 and n6)’, ‘long 
chain monounsaturated fatty acid’, ‘sphingosines’ and ‘diacylgly
cerol’. One exception stood out in ‘sphingomyelins’, which was 
more often and/or significantly selected in ALS males from either 
the original or replication cohorts. These sex-dependent lipid dif
ferences, especially in sphingomyelins, were present irrespective 
of health or disease, when we analysed the control and ALS groups 
separately by male versus female, within both cohort 1 and cohort 2 
(Supplementary Fig. 13). We found overall sphingomyelin abun
dance was lower in healthy males versus females,39,40 which per
sisted in ALS, albeit to a lesser extent, presumably due to 
dysregulated sphingomyelin metabolism in ALS (Supplementary 
Fig. 14 and Supplementary Tables 8 and 9).

Another interesting finding was ‘benzoate metabolism’, which 
was selected in our original but not our replication cohort (Fig. 4). 
Examination of the sex analysis suggests this might arise due to 
sex imbalance in the replication cohort. When the original cohort 
was stratified by sex, benzoate metabolism was most frequently 

and/or significantly selected in ALS males (Fig. 5). Therefore, benzo
ate metabolism may not have been selected in the replication co
hort because it was underrepresented in control males.

Differential network enrichment analysis

We employed DNEA to identify metabolite subnetworks that differ
entiate ALS from control samples. DNEA is a data-driven, function
al enrichment approach, which facilitates discovery of novel, 
functionally active metabolite modules, without depending on 
prior knowledge of biochemical interactions. Additionally, it identi
fies biochemical interactions that are present in either healthy or 
ALS samples, or present in both. DNEA is especially useful for me
tabolites with incomplete pathway knowledge, e.g. lipids and ex
ogenous metabolites. DNEA also eliminates batch effects between 
the two ALS cohorts (n = 349) and control cohorts (n = 174) by adjust
ing and autoscaling data. Once the datasets were merged, DNEA 
analysis identified a total of 15 different metabolite subnetworks, 
nine of which were significantly enriched at the 0.01 FDR cutoff 
(Supplementary Tables 10 and 11, Fig. 6 and Supplementary Figs 
15–23).

The most significant subnetwork S1 comprised candidates from 
a variety of sub-pathways, encompassing ‘benzoate metabolism’ 
and ‘food component/plant’, both related to xenobiotics as well as 

Figure 2 Correlation of metabolite abundance with ALSFRS-R. Cross-sectional heatmap visualization of the 20 top differential metabolites in ALS ver
sus controls, shared by both cohort 1 and cohort 2, as a function of ALSFRS-R score at the time of plasma withdrawal. The relative abundance of the 
metabolites significantly correlated with ALSFRS-R in both (A) cohort 1 and (B) cohort 2. Relative abundances and log2(ALSFRS-R) were scaled by row. 
ALS participants were sorted by log2(ALSFRS-R), from high score (left, pink) to low score (right, green), i.e. progressive disease, which results in an overall 
trend of decreased metabolites.

http://academic.oup.com/brainj/article-lookup/doi/10.1093/brain/awac025#supplementary-data
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fatty acid and amino acid metabolites (Supplementary Fig. 15). The 
second most significant subnetwork S2 was primarily contributed 
by xenobiotics sub-pathways, ‘benzoate metabolism’ and ‘xan
thine metabolism’ (Supplementary Fig. 16). Regarding lipid-centric 
transformations, long-chain and various fatty acid and complex li
pid metabolic sub-pathways contributed the most metabolites to 
subnetworks S3, S8 and S9 (Fig. 6 and Supplementary Figs 17, 22 
and 23). These subnetworks contained more ALS edges, indicating 
biochemical interactions that were present in the pathological con
dition. Subnetwork S8 contained a large number of complex lipids, 
mostly sphingomyelins, but also ceramides and dihydrosphingo
myelins. Subnetwork S9 encompassed multiple species in signal
ling, e.g. diacylglycerols and complex lipid sub-pathways, e.g. 
phosphatidylcholines, phosphatidylethanolamines, phosphatidy
linositols and lysophospholipids.

In contrast to these more focused aforementioned subnetworks, 
subnetworks S5 (Supplementary Fig. 19) and S7 (Supplementary 
Fig. 21) converged on metabolites from diverse super-pathways. 
Subnetwork S7 was particularly interesting, embodying several 
metabolic ALS characteristics, e.g. energy (TCA cycle), amino acid, 
antioxidants and creatine. Purine/pyrimidine41 and xenobiotics 
metabolism were also featured. Subnetwork S5 similarly had a di
verse profile.

Discussion
In the current study, we compared the metabolome of a second new 
ALS and control cohort to our previously published original cohort 
1 (n = 125 ALS, n = 71 control), where we reported multiple 
ALS-associated metabolites and pathways.22 Our goal was to iden
tity recurrent dysregulated metabolites and pathways in ALS. The 
original investigation was a hypothesis-generating study; thus, it 
employed a less stringent missingness criteria of 60% cutoff.22

Our replication effort reanalysing cohort 1 and analysing new co
hort 2 (n = 225 ALS, n = 104 control) employed a more rigorous miss
ingness criteria of 80% cutoff to identify the metabolites and 

pathways most strongly associated and replicated in ALS. We lever
aged the two independent cohorts to examine recurrent metabo
lites and pathways, correlate metabolites to clinical status and 
build prediction models. As a final step, we merged the original 
and replications cohorts in a data-driven DNEA analysis to derive 
a more integrated view of plasma metabolome structure in ALS. 
This approach does not rely on prior biochemical knowledge, but 
rather clusters metabolites into subnetworks dictated solely by ex
perimental measurements, in this case, by partial correlations be
tween metabolites across samples.

When we examined the overlap in original and replication co
horts by metabolites, many were shared, but several also were 
not shared. For the PLS-DA and group lasso analyses, which rank 
metabolites by VIP and OR, the overlap between cohorts was 19 
and 14 metabolites, respectively, when restricting our analysis to 
the top 50 metabolites. Additionally, when we examined the top 
20 differential metabolites in ALS versus controls, which were 
shared by cohort 1 and cohort 2, we found that metabolite abun
dance decreased with decreasing ALSFRS-R score and advancing 
disease. Interestingly, this was the case for several sphingomyelin 
species, although sphingomyelin abundance generally correlated 
positively with ALS status. It is possible that a temporal element 
in sphingomyelin levels may exist,42 with an initial rise followed 
by a dip, which might account for the pattern seen with ALSFRS-R 
score. Therefore, though only cross-sectional, this finding indicates 
that metabolomic profiles may correlate with clinical status in ALS, 
and future longitudinal studies could inform the importance of crit
ical metabolites in the disease course.

Furthermore, even though metabolite overlap was not fully con
cordant between cohort 1 and cohort 2, the cohort 1 metabolite da
taset could be used to construct several prediction models, which 
identify ALS cases in the replication cohort. Our AUCs are higher 
than previously reported in ALS studies,13,14 possibly due to our lar
ger metabolite dataset and sample numbers13,14 or because we ana
lysed metabolomics profiles from symptomatic ALS participants.13

Our prediction model results support the viability of utilizing meta
bolomics for ALS biomarker discovery, shown, for the first time, 

Figure 3 Case prediction models. ROC curves for ALS case prediction models generated by group lasso, PLS-DA and RF from cohort 1 applied to cohort 
2. Prediction accuracy was calculated for each model by the AUC.
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Figure 4 Pathway enrichment of Wilcoxon-, adjusted logistic regression-, PLS-DA- and group lasso-selected metabolites for original and replication 
cohorts. Significantly enriched sub-pathways from metabolites selected by Wilcoxon, adjusted logistic regression, PLS-DA and group lasso models il
lustrated in dot plots for original cohort 1 and replication cohort 2. Rich factor refers to the proportion of selected metabolites relative to total sub- 
pathway metabolites. Metabolite number (node size) refers to the number of sub-pathway metabolites. Node colour indicates the significance level 
according to −log10(P-value).
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using two independent cohorts. Future research will need to in
clude disease mimics to evaluate specificity for ALS versus possible 
differential diagnoses to determine the diagnostic utility in a real- 
world setting.

Although identifying individual differential metabolites sheds 
insight on pathogenesis and may identify new biomarkers, 

metabolites exist along a series of biochemical transformations, 
which contribute to a biological process. Therefore, pathway ana
lysis of all significant differential metabolites emphasizes metabol
ic networks rather than discrete metabolites and provides more 
meaningful insight on entire pathway dysregulation in disease 
pathogenesis. As with individual metabolites, there were shared 

Figure 5 Pathway enrichment by sex of Wilcoxon-, adjusted logistic regression-, PLS-DA- and group lasso-selected metabolites for original and rep
lication cohorts. Significantly enriched sub-pathways by sex from metabolites selected by (A) Wilcoxon, (B) adjusted logistic regression, (C) PLS-DA and 
(D) group lasso models illustrated in dot plots for original cohort 1 and replication cohort 2. Rich factor refers to the proportion of selected metabolites 
relative to total sub-pathway metabolites. Metabolite number (node size) refers to the number of sub-pathway metabolites. Node colour indicates the 
significance level according to −log10(P-value). C1 = cohort 1; C1-F = cohort 1 females; C1-M = cohort 1 males; C2 = cohort 2; C2-F = cohort 2 females; 
C2-M = cohort 2 males.
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sub-pathways identified within the original and replication co
horts, but also sub-pathways that were unique to either cohort.

Sub-pathways consistently selected in both the original and 
replication cohort centred heavily on lipid metabolism. The most 
significant sub-pathway ‘sphingomyelin’, selected by group lasso 
in the original cohort as well as the three other methods, continued 
to be selected in the replication cohort, but not by group lasso. 
Other recurrent lipid pathways in the original and replication co
horts included various long-chain fatty acids, acyl intermediates 
and ceramides. Similarly, in the DNEA analysis, subnetworks S3, 
S8 and S9 were highly populated by lipid species.

With regards to subnetwork S8, this subnetwork contained most
ly elevated sphingomyelins, dihydrosphingomyelins, ceramides and 
hexosylceramides (significant) in ALS, which is aligned with other 
studies of ALS participant plasma,13,14,35 spinal cord43,44 and CSF,16

and ALS mouse studies.17,43–45 Impaired sphingolipid metabolism 
is a central, and at this point relatively well-validated, aspect of 
ALS pathogenesis, although the details and underlying aetiology, es
pecially in sporadic disease, remain incompletely understood. The 
increase in ceramides and glucosylceramides in ALS has been linked 
to enhanced glucocerebrosidase activity in mutant superoxide dis
mutase 1 (SOD1G93A) mice,44 although conversely glucosylceramide 
synthase expression is upregulated in SOD1G86R mouse muscle.42

These differences may arise from distinct model systems, but also 
from natural evolution during the disease course.42 Nevertheless, 
this dysfunction in sphingolipid synthesis could be integral and po
tentially causative to disease progression, as seen in a model of 
monogenic childhood-onset ALS with mutant serine palmitoyltrans
ferase subunit 1 (SPTLC1).46 In an induced pluripotent stem cell ALS 
model, allele specific mutant SPTLC1 knock-in increases sphinga
nine and ceramide levels versus wild-type allele.46 Indeed, we ob
served elevated sphinganine and ceramides in our sporadic ALS 
cohort, indicating impaired sphingolipid metabolism could be cen
tral to ALS pathogenesis. Ceramides are pro-apoptotic and potential
ly excito-43 or neurotoxic,47 contributing to neurodegeneration 
(Fig. 7). Additionally, high fatty acid levels (see below) increase cera
mides and possibly dihydroceramide intermediates48 and sphingo
myelins,49,50 as observed in both the original and replication 
cohorts and the combined ALS dataset.

When examining subnetwork S9, this subnetwork contained vari
ous mostly downregulated complex lipids in ALS, though only some 
phosphatidylcholines and lysophospholipids were significantly de
creased. Our findings agree with some reports,45 but conflict with 
others,13,16 which may arise from the specific phosphatidylcholine 
species16 or the stage in ALS development.13 Phosphatidylcholines 
and phosphatidylethanolamines are primarily synthesized from dia
cylglycerols through the Kennedy pathway51 and phosphatidylinosi
tols from diacylglycerol intermediates.52 Phosphatidylcholines, 
phosphatidylethanolamines and phosphatidylinositols are import
ant membrane constituents; loss of phosphatidylethanolamines is 
especially central to mitochondrial dysfunction through impaired 
mitochondrial membrane curvature, fission/fusion and bioenerget
ics.53 In addition to their role in membrane structure, phosphatidyl
cholines and phosphatidylethanolamines are precursors to diverse 
signalling molecules, e.g. diacylglycerols,51 which control various bio
logical processes, such as proliferation, survival and migration.54 Our 
study emphasizes the importance of continued research in the area 
of complex and bioactive lipids and lipid signalling in ALS.

Subnetwork S3 comprised free long-chain fatty acids of all sat
uration levels (saturated, monounsaturated, polyunsaturated; 
highly significant), which were universally elevated in ALS partici
pants. Subnetwork S9 encompassed increased fatty acid intermedi
ate acylcarnitines (significant), linked to β-oxidation, along with 
raised diacylglycerols (significant) in ALS plasma. Though noted 
in some studies,13,17 these observations regarding free fatty acids, 
acylcarnitines, and diacylglycerols in symptomatic sporadic ALS, 
are relatively novel and align with our growing understanding of 
ALS ‘hypermetabolism’.55

ALS ‘hypermetabolism’ is characterized by elevated resting en
ergy expenditure,55 possibly related to glucose uptake,56 and low 
BMI and fat-free mass; thus, β-oxidation may be very relevant to 
ALS pathogenesis (Fig. 7). Increased levels of non-metabolized 
free fatty acids and partially metabolized intermediate acylcarni
tines could indicate dysfunctional or at capacity β-oxidation,57

which ties in with impaired fatty acid uptake and utilization as 
well as mitochondrial dysfunction. A study found SOD1G93A mice 
cleared triacylglycerol from plasma post feeding to a greater extent 
versus control mice,58 which could elevate plasma free fatty acids, 

Figure 6 DNEA analysis subnetworks S8 and S9 overview. Subnetworks (A) S8 (Padj = 1.11 × 10−3) and (B) S9 (Padj = 2.74 × 10−3) from the data driven 
DNEA analysis. Nodes represent metabolites, which are colour-coded by sub-pathway; larger nodes indicate metabolites higher in ALS; smaller nodes 
indicate metabolites lower in ALS. Only metabolites from sub-pathways contributing three or more metabolites to the subnetworks are colour-coded; 
metabolites from sub-pathways contributing less than three metabolites are white. Edges present in controls, blue; edges present in ALS, pink; edges 
present in both, black. Fully annotated subnetworks S8 and S9 are available in Supplementary Figs 22 and 23 and member metabolites and their dir
ection change and significance are in Supplementary Table 10.
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as we observed, if tissues do not compensate by enhanced uptake. 
In both our original and replication cohorts, acylcarnitines of all 
lengths and saturation levels were universally elevated in ALS, 
with few exceptions, indicating an overall lack of catabolic 
β-oxidation. Enhanced muscle lipolysis is reported in SOD1G86R 

mice,59 along with increases in mRNA59 and protein60 levels of 
β-oxidation enzymes, such as carnitine palmitoyltransferases 
(CPTs) and fatty-acid-binding proteins. In a mutant TAR 
DNA-binding protein 43 (TDP-43) fly model, acylcarnitine accumu
lation was observed, along with differential carnitine palmitoyl
transferase expression.61 It is possible that hypermetabolism 
may revolve around glycolysis as a compensatory mechanism62

to impaired β-oxidation.
Subnetworks S5 and S7 contained metabolites from several sub- 

pathways related to ALS pathogenesis, including energy metabol
ism, which, as noted above for β-oxidation, appears to be a central 
ALS theme. Among them were metabolites related to TCA and gly
colysis energy metabolism,13,14,16,17,35,63 as well as amino acid me
tabolism, e.g. histidine, lysine, ‘leucine, isoleucine and valine’ 
(otherwise known as branched-chain amino acid)18,20,21 and 

creatine.14,19,64 Purine/pyrimidine41 and xenobiotics metabolism 
were also featured. Members of the glycolysis, gluconeogenesis 
and pyruvate metabolism sub-pathways were mostly elevated in 
ALS, including glucose, lactate and pyruvate metabolites, whereas 
the level of TCA substrates and intermediates did not follow very 
significant or evident trends within this S7 subnetwork. The litera
ture also reports elevated glycolysis,35,65 although it is less clear re
garding TCA metabolism.66 From our own results, it is not possible 
to deduce a pathway direction for these interrelated metabolites in 
glycolytic and TCA metabolism. It may be difficult to infer shifts in 
metabolic processes from steady state metabolite evaluations by 
metabolomics, and fluxomics are needed to elucidate TCA metab
olite flux in ALS.67 Additionally, some amino acid sub-pathways 
in subnetwork S7 may also eventually feed into energy metabolism, 
e.g. glycine, serine and threonine, tyrosine and phenylalanine 
metabolism.68

Creatine was significantly increased, and creatinine significant
ly decreased in ALS, as in the literature,14,19 but is likely linked to 
muscle loss as part of the disease process. Oxidative stress is an ex
tremely prominent ALS characteristic,69 which led to one of only 

Figure 7 Potential mechanisms of lipid and energy dysregulation in ALS. Plasma metabolomics in two independent ALS cohorts revealed recurrent 
dysregulation in pathways related to lipid metabolism and energy. Lipids encompassed classes associated with multiple biological processes. 
Acylcarnitines (ACs) were mostly and significantly upregulated in ALS and could be indicative of impaired β-oxidation, which also feeds into the 
TCA cycle. TCA metabolites also differentiated ALS from control plasma; however, there was no pattern of up versus downregulation across specific 
TCA species. Impaired β-oxidation and TCA metabolism could lead to a compensatory increase in glycolysis. Dysfunctional sphingolipid metabolism 
leads to elevated ceramides (CERs), which are excito- and neurotoxic and trigger apoptosis. Various phospholipids, important membrane constituents, 
were mostly downregulated in ALS plasma, though only phosphatidylcholines attained significance. Phosphatidylethanolamines (PEs) regulate mem
brane curvature, and hence mitochondrial function, and were non-significant subnetwork S9 members. Diacylglycerols (DAGs), which can be synthe
sized from phosphatidylcholines and phosphatidylethanolamines, were universally upregulated and mostly significant in ALS plasma. Diacylglycerols 
activate protein kinase C (PKC), which has diverse biological properties, including important roles in the peripheral nervous system related to synaptic 
transmission and neuromuscular junction function. Future investigation will be required to evaluate these pathways in ALS relevant tissues, i.e. motor 
nerves, spinal cord, frontal and temporal brain lobes, and longitudinally, to assess whether these transformations are causative or downstream of 
pathogenesis. NMJ = neuromuscular junction. Created, in part, with ACD/ChemSketch and BioRender.com.
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two FDA-approved ALS therapies, edaravone.11 Gamma-glutamyl 
amino acid, glutathione metabolism and vitamin A were selected 
in both the original and replication cohorts and were mostly down
regulated in ALS. Deficits in antioxidants have previously been 
noted in ALS, such as for glutathione,70,71 tocopherol14 and ascor
bate.19,63 However, since clinical trials of antioxidant therapies 
have been unsuccessful72 and edaravone only minimally slows 
ALS progression, antioxidant dysregulation is likely not causative 
and may occur downstream of disease initiation, like creatine/ 
creatinine.

Sex is an important clinical variable in ALS.73 We recently re
ported that elevated neutrophil counts correlated with ALS pro
gression, but that the trend was especially pronounced in female 
participants.36 We also found that sex influenced the association 
of the natural killer cell cytotoxicity marker, NKp30, with ALS pro
gression by ALSFRS-R score.37 These findings implicate sex differ
ences in immune system aspects of ALS. We took advantage of 
the sex imbalance in the control group of cohort 2 in the replication 
to conduct a sensitivity analysis and examine potential sex differ
ential effects on plasma metabolomics in ALS. We found that al
though lipid metabolism pathways continued to be selected in 
both males and females in both cohorts, certain sub-pathways 
were more significant in females, such as long-chain fatty acid me
tabolism, diacylglycerols and sphingosines, whereas others were 
more important in males, e.g. sphingomyelin. Several xenobiotics 
pathways, such as benzoate and xanthine metabolism, were also 
more often and/or significantly selected in male ALS participants. 
Metabolic differences among ALS males and females could explain 
variation in published studies and may be important considera
tions for any therapeutics targeting metabolism in ALS. These dif
ferences could also yield new avenues of research to better 
understand why the incidence of ALS is highest in males.74

Our study has strengths and limitations. Among the strengths 
are the extensive number of detectable and identifiable metabolites 
in the metabolomics platform and large size of both cohorts. 
Additional strengths include the validation design of the original 
study in this replication effort, especially with the more stringent 
missingness criteria, and analyses using several statistical meth
ods, including the data driven DNEA approach. Despite numerous 
strengths, our study has weaknesses. Most salient to a neurodegen
erative disease is the tissue issue, since plasma may not necessarily 
reflect the peripheral and central nervous system milieu. 
Furthermore, since plasma collection was cross-sectional, the 
study does not establish causality among any of the observed meta
bolic sub-pathways. The study also does not correlate the metabo
lome with clinical progression, although this is a future area of 
investigation, which is required to delineate correlative from 
causative shifts in metabolic profiles in ALS. However, the long pro
dromal phase in ALS poses significant challenges. From a technical 
perspective, both our cohorts consisted mainly of White partici
pants and our replication study was not well balanced for sex, al
though this limitation prompted us to conduct analyses for sex 
differences. Additionally, plasma samples were not collected 
from fasted participants because it was deemed an unethical re
quest. Finally, batch effects were present since samples were run 
a year apart, although data were autoscaled for the DNEA analysis, 
removing any batch influence.

Overall, our metabolomics replication study highlighted recur
rently dysregulated lipid metabolism in multiple sub-pathways, in
dicative of altered β-oxidation, mitochondrial bioenergetics and 
complex lipid signalling. Targeted lipidomics looking at specific li
pid classes and lipid species along the ALS continuum could 

provide new insight into disease pathogenesis. Future directions 
could also address metabolic flux to move past steady state evalua
tions. Preclinical work along a time continuum could shed addition
al insight on early metabolic changes and in motor nerves and 
spinal cord tissue. The concurrent dysregulation in transcriptome 
and epigenome in ALS may also advocate a multi-omics approach.
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