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SUMMARY

Cerebrospinal fluid (CSF) is central to neurological diagnostics, yet biomarkers are lacking for many clinical 
needs. To enable its large-scale proteomic characterization, we developed a high-throughput mass spec-

trometry workflow quantifying approximately 1,500 proteins per CSF sample across 5,000 individuals, 
covering a spectrum of neurological disorders. This revealed proteomic alterations associated with blood-

CSF barrier impairment, age, and sex, enabling deconvolution of shared and disease-specific signatures. 
We then focused on multiple sclerosis (MS), using an improved analytical technology that quantified 2,100 
proteins per sample. From these data, we derived a 22-protein panel that distinguished MS from related 
inflammatory diseases and outperformed established markers in challenging cases. A targeted mass spec-

trometry assay using isotope-labeled standards validated this panel in an independent cohort, offering a clin-

ically compatible format. Additionally, we highlight proteins of therapeutic interest and demonstrate prote-

ome-based staging of individuals along the relapsing-progressive MS spectrum, which correlates with 
clinical outcomes.

INTRODUCTION

Cerebrospinal fluid (CSF) is the mainstay for molecular diagnos-

tics in neurology, yet its diagnostic potential is far from fully real-

ized in clinical practice. There is a pressing need for improved 

biomarkers to support diagnosis, prognosis, and treatment deci-

sions. In multiple sclerosis (MS), intrathecal immunoglobulin syn-

thesis, detected as CSF-specific oligoclonal bands (OCBs), 

complements radiological and clinical evidence within the 

McDonald diagnostic criteria. 1 Yet, despite this elaborate frame-

work, misdiagnosis and underdiagnosis rates remain substan-

tial, affecting roughly one in seven and one in three people with

MS, respectively, with correct diagnosis often needing more 

than a year. 2 This delays early initiation of disease-modifying 

therapy (DMT), which is crucial for reducing disability progres-

sion in MS. Conversely, misdiagnosis leads to unnecessary 

DMT use in over half the cases, exposing individuals to poten-

tially serious side-effects. 3,4 These problems are especially 

acute in OCB-negative individuals, who account for 10% of 

MS cases and experience double the overall misdiagnosis rate. 5 

There is a strong case for improved MS CSF biomarkers, 6,7 

mirrored by the proposed update of the McDonald criteria, which 

includes kappa free light-chain (kFLC) index positivity as an 

alternative to OCB in detecting immunoglobulins. 8,9 Still, OCB
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and kFLC have similar diagnostic accuracy overall, 10 and kFLC is 

not sensitive enough to detect MS in OCB-negative individuals at 

cutoffs retaining MS specificity, meaning that their use will not 

solve the issue. 11,12 More broadly, classical markers of inflam-

mation or neurodegeneration like NEFL are clinically useful for 

disease activity management but not diagnosis. 8,13–15 Further, 

predicting long-term MS progression and disease course evolu-

tion to guide therapeutic decisions remains a critical un-

met need.

This warrants the unbiased exploration at scale of proteins as 

biomarkers. Indeed, there are nearly 700 PubMed-listed publica-

tions when filtering for ‘‘MS,’’ ‘‘biomarker,’’ and ‘‘CSF.’’ Bio-

markers have been proposed for diverse needs, including differ-

ential diagnosis, disease activity monitoring, prognosis, and 

disease subtype classification. In any case, for clinical adoption, 

new markers must demonstrate clear benefit compared with es-

tablished ones. 11 With hundreds of candidates emerging from 

discovery studies, it often remains unclear which should be 

prioritized for costly large-scale validation.

Cross-study integration to delineate final markers remains 

challenging due to varying study goals and limited overlap in 

proteins between them. Using the best technologies 

available at the time, studies detected only between 100 and 

1,000 proteins, 16–23 with a few recent exceptions. 22,24 Further-

more, the use of healthy control groups, 16,20,25,26 or other 

broadly defined and often non-inflammatory neurological condi-

tions, 13,18,22,27–31 may not align with the clinical need for differen-

tial diagnosis of a given patient. MS is most difficult to demarcate 

from other inflammatory diseases, especially demyelinating (DM) 

autoimmunity (AIM), followed by other CNS or peripheral ner-

vous system (PNS) AIM, and infections, which were seldom 

included as well-defined entities. 11,17,24,32 Although these 

studies typically only encompass 50–200 samples, 30,33 they 

nevertheless highlight that novel markers should be in reach of 

proteomic analysis, sidestepping lengthy candidate-based 

approaches.

Larger and more diverse cohorts improve biomarker general-

izability and enable machine-learning approaches that prioritize 

proteins by their predictive power instead of relying only on dif-

ferential expression. Although single-analyte markers remain 

attractive in theory, few new candidates have translated into clin-

ical use. Instead, discovery studies increasingly yield multi-

marker panels. 30,33 Generally, effectively assembling such pro-

tein panels benefits from scaling up both proteins and samples 

measured. Notably, a recently approved 18-protein panel out-

performs NEFL in predicting MS activity, illustrating that panel-

based approaches may surpass current standards. 34,35

Using the latest advances in mass spectrometry-based prote-

omics, we here developed a high-throughput CSF workflow that 

addresses the above key constraints in sample throughput and 

protein coverage in this challenging matrix. Applied to over 

5,000 CSF samples across a broad spectrum of neurological dis-

eases, we identified and validated a 22-protein panel that dem-

onstrates superior performance in OCB-negative MS compared 

with established clinical markers. Additionally, it performs at 

least equally across all OCB statuses, opening it up to all-pur-

pose use. We convert discovery findings to a targeted assay 

with quantification to spike-in standards, bridging the gap be-

tween discovery and routine assays for clinical laboratories. 

Finally, we demonstrate how CSF proteomics can stage individ-

uals and inform disease progression, offering a foundation for 

future longitudinal and interventional studies.

RESULTS

Workflow development and characterization

We studied the CSF proteome across 5,000 samples, an order of 

magnitude more than in typical CSF studies. This required a 

drastically enhanced sample throughput compared with previ-

ous studies such as our Alzheimer’s disease CSF study, which 

measured 12 samples per day (SPD) for a total of 200 samples. 36 

To retain deep and uniform proteome sampling, we integrated 

robotic sample preparation and a robust analytical setup, 

including the Evosep One for liquid chromatography and the 

Bruker timsTOF Pro 2 mass spectrometer for label-free data-in-

dependent acquisition (DIA). We optimized virtually every step of 

the workflow (Figures 1A and S1A–S1K; STAR Methods). The 

spectral library was based on the consensus UniProt proteome 

but elaborately tailored to our CSF measurement through 

optional depletion of abundant proteins, high-pH fractionation 

of tryptic peptides, as well as complementary prediction and 

pruning of entries observed across cohort measurements 

(Figures S1D–S1H; STAR Methods). Altogether, at the quintu-

pled throughput of 60 SPD, measurement of the cohort within 

3 months became feasible. Moreover, this raised the number 

of detected proteins from about 1,200 to 1,450 per sample, 

150 of which were isoforms resolved by specific peptides 

(Figures 1B and S1L).

As our study progressed, the powerful Orbitrap Astral mass 

spectrometer was released. With this at hand, we again boosted 

proteome sampling to about 2,100 proteins per sample and, at 

the same time, increased throughput to 100 SPD (Figure S1M). 

Thanks to the higher dynamic range of the analyzer, samples 

with low numbers of proteins benefited disproportionally more, 

which is particularly useful as it increases the number of proteins 

with consistent observation across samples (Figure S1N). 

Further, the Astral’s narrow ion windows and resulting high spec-

ificity enabled spectral analysis against a very large human pro-

teome library predicted by AlphaPeptDeep. 37 This mitigates the 

need for future experimental library generation while further 

improving identifications (Figure S1O; STAR Methods). In a later 

part of this study, we used this improved setup to (re-)measure 

about 2,600 samples to study MS disease course types and 

find diagnostic biomarkers for the subgroup of individuals with 

MS without CSF-specific OCBs.

Study collective and proteomic dataset

The discovery cohort comprised 5,045 CSF samples, each from 

a different donor, in a cross-sectional design. We focused on MS 

and also included samples from various other neurological 

areas, such as AIM, neurodegeneration, infection, neoplasia, 

and vascular as well as other diseases, including neurological 

controls without evidence of structural alterations (Figure 1A; 

Table S1). The cohort reflected the age and sex distributions 

characteristic of these diseases (Figure S2A). Likewise, mea-

sures of blood-CSF barrier (BCB) impairment, e.g., albumin ratio
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(QAlb), CSF immunoglobulin concentration, number of immune 

cells, and presence of erythrocytes, exhibited largely overlap-

ping but disease-inherent distributions (Figures S2B–S2E). 

Large-scale cohort measurements pose challenges for main-

taining uniform data quality. Our setup largely eliminated analyt-

ical decay, particularly in chromatography (Figures S1I–S1K). In 

the timsTOF workflow, variability in protein detection instead 

stemmed from sample properties, namely BCB impairment, giv-

ing CSF samples a plasma-like matrix (Figures 1B and 1C). Ex-

plaining this effect, mass spectrometry detected three to four 

times fewer proteins in plasma than CSF 36,38–48 (Figure S1P) 

due to the even stronger dominance of highly abundant proteins

such as albumin (Figure S1Q). This is despite the roughly 

100-fold higher total protein concentration in plasma (60– 

80 g/L vs. 0.1–1 g/L; Figure S1R). However, the Astral workflow 

maintains high protein coverage, even in samples with BCB 

impairment, effectively overcoming its impact on protein detec-

tion in CSF (Figure 1C).

Note that label-free mass spectrometry detects and quantifies 

proteins relative to the proteome rather than the sample volume. 

To normalize across the proteome, we use DirectLFQ, a prote-

omics-tailored algorithm that shifts samples to explain apparent 

differences between them. By design, this algorithm reports min-

imal regulation for as many proteins as possible, which also

Figure 1. Study design and proteomic dataset characteristics

(A) Features of this study, related to analytical and cohort design, sample arrangement and preparation, proteomic data acquisition, and analysis.

(B) Number of proteins measured per sample along the sample plates of study (left). Dependence on the albumin ratio (right). timsTOF (top) and Astral 

(bottom) measurement. One Tukey boxplot shows the distribution of proteins measured across samples of a 96-well plate.

(C) Aggregated number of proteins measured per sample.

(D) Completeness of protein quantifications. Number of proteins retained (y) when filtering for the minimum fraction of cohort samples with protein 

quantification (x).

See also Figures S1 and S2.
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makes it robust toward variable numbers of identified proteins 

across samples. 49 Furthermore, highly abundant proteins such 

as albumin do not have more leverage on normalization than 

lower-abundance ones.

Detection of proteins was consistent across the cohort, with 

more than a thousand observed in at least 80% of samples 

(Figure 1D). In our data, biological effects dominated the first 

principal component, technical batches the second, and batch 

correction increased biological effects (Figures S1S and S1T). 

About 800 proteins had a coefficient of variation (CV) of less 

than 20% for the entire workflow; when using the Astral mass 

spectrometer, this number rose to 1,000, which is about twice 

that observed in neat plasma (Figure S1U). 50 Variability generally 

increased with decreasing protein abundance but overall 

derived mostly from sample preparation (Figure S1U).

We conclude that this large and uniform dataset is a strong ba-

sis for the exploration of CSF proteome dynamics across a 

diverse set of neurological diseases.

BCB impairment dominates the CSF proteome

In our data, BCB impairment accounted for three times the vari-

ability explained by the clinical diagnosis or other covariates. 

This trend was consistent across our timsTOF and Astral instru-

ments and is supported by a recent affinity proteomics study us-

ing the OLINK platform (Figures 2A and S2F). 24 From a proteomic 

perspective, CSF is an approximately 100-fold more dilute 

plasma variant, with about 70% overlapping proteins that largely 

retain the abundance order they have in plasma, aligning with 

CSF production by ultrafiltration in the choroid plexus 

(Figures S2G and S2H). The accumulation of plasma proteins 

via both physiological ultrafiltration and pathological BCB 

impairment is the primary determinant of total CSF protein con-

centration (Pearson’s r = 0.95). Accordingly, differences be-

tween plasma and ‘‘BCB-intact’’ CSF proteomes correlate well 

with the QAlb effects observed across cohort samples 

(Figure S2I; STAR Methods).

Such QAlb effects across individuals correlated between our 

timsTOF and Astral measurements and further with independent 

OLINK data, although with a general down-shift for QAlb effects 

in mass spectrometric data (Figures 2B, 2C, and S2J). This is

because BCB impairment increases a large portion of the prote-

ome, but normalization is relative to the proteome in mass spec-

trometry. Consequently, proteins that do not originate in plasma 

appear reduced by higher QAlb.

In any case, BCB impairment in CSF should be accounted for 

regardless of the technology. Linear regression, a simple and 

widespread approach, readily permits this by integrating QAlb 

as a covariate. We note, however, that this is an approximation 

that captures the dominant component but may miss more sub-

tle or complex barrier-related behavior. Nevertheless, inclusion 

of QAlb as a regression covariate equally corrects for true in-

creases and apparent reductions. Accordingly, normalizing 

mass spectrometric data not to the entire proteome but to pro-

teins that were found to be unaffected by QAlb in the literature 51 

did not change disease-associated effects obtained through 

QAlb-correcting regression (Figure S2K). Generally, however, 

proteomics studies do not correct for QAlb, presumably because 

they often lack the data. We find that CSF abundance of the 

plasma proteins ITIH1 or C5 was highly correlated with BCB 

impairment. When used as proxies, they yielded highly corre-

lated BCB-impairment and disease effects across the proteome 

when replacing QAlb (Figures S2L and S2M).

Effects of demographic and clinical covariates on the 

CSF proteome

Covariates such as age or leukocyte count in CSF explained 

about as much variability as disease and regulated hundreds 

to thousands of proteins (Figures 2A–2D and S2N). Covariate ef-

fects were predominantly orthogonal to each other. Yet, BCB 

impairment increases with age, as expected, yielding correlated 

effects 52 (Figures 2E and S2O). Across diseases, covariate ef-

fects were consistent, indicating little interaction with specific 

diseases (Figures S2P and S2Q). Age stands out because 

healthy aging diverges from disease-associated neurodegener-

ation. However, the fact that individuals were diagnosed directly 

after CSF collection limits such interactions. Indeed, we found 

only a few proteins with diverging age effects, including NEFL, 

as expected (Figure S2R). Correction strategies such as interac-

tion terms or subtraction of healthy aging effects produced over-

all concordant results (Figures S3A and S3B; STAR Methods).

Figure 2. Effect of diagnoses and covariates on the CSF proteome

Differential expression analyses of protein intensities were corrected for age, sex, difference to age-adjusted albumin ratio (aa. QAlb), erythrocyte presence, and 

sample plate. Fold difference and significance values were obtained from the regression model (see STAR Methods).

(A) Variability of the CSF proteome explained by disease and covariates across the timsTOF (T) and Astral (A) discovery and replication cohorts (left). Contribution 

of these variables to the first five principal components of timsTOF data (right). Data after correction for sample plate batch effects.

(B) Protein regulation by covariates. timsTOF data. Immunoglobulin open reading frames (ORFs) are shown in red.

(C) QAlb effects in Astral data (top) and comparison with timsTOF data (bottom).

(D) Number of proteins regulated by covariates (left) in the multivariate regression model, see STAR Methods. Aggregation of proteins regulated in any disease 

(‘‘diags vs. ctrl’’) and breakdown by disease (right).

(E) Correlation of protein regulation across clinical covariates.

(F) Correlation of protein regulation across diseases.

(G) Disease effects of immunoglobulin class-defining constant regions. Neurological controls as reference.

(H) Effects of infection or neurodegeneration. Other diseases are shown in Figures 3 and S3. Immunoglobulin ORFs are shown in red.

(I) Enrichment of annotation terms in the fold differences of individual variables in the multivariate regression. Inflammation and immunity (left), subcellular location 

(center left), and cell type-enriched proteomes (center right); see also Figures S3I and S3J. Regulation of individual cell-type markers (right, values from the 

regression model). Non-MS AIM as pooled autoimmune diseases other than MS. Enrichment score and significance from PERSEUS enrichment tool (see STAR 

Methods).

See also Figures S2 and S3.
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However, we found that fitting and subtracting across diagnosis 

groups that have different age distributions is problematic 

because effects are not uniform across the age range 

(Figure S3C). Generally, covariate-regulated protein outliers 

included several positive controls (Figures 2B and S3D; 

Table S3).

Disease-associated perturbations of the CSF proteome 

A major finding from our analyses is that individual neurological 

conditions regulated fewer proteins than confounders. The num-

ber of proteins regulated by disease status ranged from about a 

hundred in neurodegenerative diseases to up to 1,200 in infec-

tious conditions (Figures 2D and S3E). Many disease effects, 

especially if small, only became apparent at large sample sizes 

(Figure S3F). Although the magnitude of changes differed across 

diseases, disease effects compared with neurological controls 

were typically well correlated, in particular for related diseases 

such as MS and other AIM, pointing to strong shared alterations 

(r = 0.83, Figures 2F, S3G, and S3H). Outliers associated with in-

dividual diseases contained several positive controls (Table S4; 

Figures 2G, 2H, and S3E).

Inflammation and immunity shaped many disease signatures. 

MS and other autoimmune diseases showed the strongest 

enrichment of immunoglobulins, whereas innate immune path-

ways were more prominent in infection and neoplasia (Figure 

2I). Major histocompatibility complex class I (MHC class I) pro-

teins were selectively increased in these two groups, aligning 

with upregulation in tissue cells induced by pathogens and tumor 

inflammation. Complement activation also differed, with the 

classical pathway dominant in MS and infection and the alterna-

tive pathway in ischemic stroke.

The release of cellular proteins emerged as a shared damage 

signature that characterized stroke, neoplasia, and infection, 

partially explaining their surprisingly correlated alterations 

(Figures 2F and 2I). Cell-type mapping using literature pro-

teomes indicated immune cells as dominant sources of cellular 

material, likely reflecting their ability to enter CSF 53,54 (Figures 

S3I and S3J). Concordantly, microglial TREM2 was increased 

across diseases. Neurofilament proteins NEFM and NEFL were 

also elevated, indicating axonal injury.

MS-regulated proteins

MS is characterized by intrathecal immunoglobulin synthesis. In 

our data, the class-defining heavy chains were most strongly 

associated with MS (Figure 2G). Additionally, about 140 open 

reading frames present in every human encode the variable re-

gions of immunoglobulin heavy and light chains, including kappa 

light chains, whose free forms have emerged as MS biomarkers. 

Using peptides from non-variable sequence portions, we quan-

tified the products of these genes in hundreds to thousands of 

individuals (Figures S3K and S3L). These immunoglobulins ac-

counted for many of the most strongly MS-associated proteins, 

including compared with other forms of AIM, which we further 

subdivided into DM AIM not fulfilling MS criteria and other CNS 

and PNS AIM (Figures 3A and 3B).

To put our findings in context with other proteomic technolo-

gies, we compared our results with a recent study that compared 

about 140 individuals with MS with 40 healthy controls using

OLINK’s proteomic technology. 16 About 450 proteins were 

measured by both technologies, about 500 only by OLINK’s plat-

form, and about 1,300 only by our timsTOF workflow, high-

lighting that mass spectrometry is competitive for CSF protein 

detection (Figure S3M). The fold changes of overlapping and 

significantly regulated proteins between MS and controls across 

the two study cohorts correlated well (Pearson’s r = 0.73, 

Figure S3N).

A strength of our dataset is that it enables comparison of MS to 

a wide range of other neurological conditions. Across all these 

comparisons, 77 proteins were significant, and nearly all showed 

their highest abundance in MS CSF (Figure 3C). About three-

quarters were immunoglobulins, typically of the G isotype. 

Notably, immunoglobulin M (IgM) proteins were even more 

abundant in infectious diseases, consistent with the lower rate 

of intrathecal IgM synthesis in MS (Figure 3D). 55 The approxi-

mately 20 non-immunoglobulin proteins included several with re-

ported MS associations, although prior evidence often came 

from studies that used non-inflammatory CSF controls or stud-

ied MS associations outside CSF (Figure 3E; Table S4), making 

retention compared with diverse controls noteworthy. We also 

found additional associations of mechanistic or therapeutic in-

terest, such as RYR2, CSF1R, and CTSW, which we put into 

perspective in the discussion section. Further proteins were 

ARSA and RECK, which are involved in myelin lipid metabolism 

and extracellular matrix remodeling via protease inhibition, rele-

vant to demyelination and BCB impairment, respectively. 56,57

Deconvolution of specific disease signatures

To explore proteomic features relevant to disease, we applied 

multi-class classification using XGBoost (STAR Methods). Iden-

tifying individual diseases from the combined rest of our cohort 

showed generally high performance for diseases other than 

AIM, with averaged area under the receiver operator curve 

(ROC AUC) values ranging from 0.80 to 0.91. Pairwise classifica-

tion performance separating two given diseases was likewise 

high but dropped when AIM was involved: for instance, to 0.76 

for separating MS from DM AIM (Figures 4A, 4B, and S4A).

To explain the model, we extracted SHAP values, which quan-

tify the contribution of individual protein features to overall pre-

diction of disease status (STAR Methods). To additionally study 

relationships of disease and covariates, we further analyzed 

principal components of the SHAP matrix. Separation of dis-

eases was performed by the first three components, and, for 

MS predominantly, by components one and three (Figures 4C 

and S4B). Notably, BCB impairment influenced the second 

component, underlining its limited disease specificity, which, 

however, separated some CNS conditions, such as infections 

from controls. Age and leukocyte count were more discrimina-

tory, including as features themselves, which aligns with differ-

ences inherent to the diverse diseases we covered (Figure 4D). 

Note that the inclusion of covariates means that remaining con-

tributions of proteins are independent of or additional to these 

covariates.

Next, we investigated the decision-driving features in greater 

detail. Out of the entire proteome, the top 250 most informative 

proteins in each disease accounted for about 70% of the 

model’s information (Figures S4C and S4D). At that cutoff,
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most of these proteins informed about one or two diseases. The 

top 20 features overall and those for individual diseases included 

strong positive controls but also additional associations of ther-

apeutic or mechanistic interest, which we again list in more detail 

in Table S4 (Figures 4D, 4E, and S4E). For MS, this, for instance, 

included MBP, CHIT1, or the aforementioned potential drug 

target CTSW. SHAP-based clustering increased sensitivity 

beyond the top 20 proteins, additionally revealing CD44, 

RYR2, and IGHG1 (Figures 4E–4G). For neoplasia, this approach 

produced surprisingly many oncogenes, linked to brain or other

types of cancer, including the strong positive controls IDH1 and 

EGFR, as well as tumor suppressors predicting against the dis-

ease (Figures 4E and S4F). Further expected or insightful associ-

ations were NEFM for neurodegeneration but also CNS AIM, 

synuclein beta (SNCB) for stroke, CXCL10 for infection, and 

that controls were defined by the absence of other diseases’ 

markers.

At the pathway level, adaptive immunity predicted for MS, as 

expected, whereas innate immunity predicted against it, consis-

tent with stronger innate responses in infection (Figure 4H).

Figure 3. MS-associated CSF proteome alterations

Fold difference and significance values were obtained from the regression model (see STAR Methods).

(A) Protein regulation between MS and neurological controls. Immunoglobulins are shown in red.

(B) Protein regulation between MS and subtypes of non-MS autoimmunity (AIM), including demyelinating (DM) AIM. Immunoglobulins ORFs are shown in red.

(C) Number of proteins that are differentially abundant between MS and all other neurological conditions. AIM is pooled as one condition.

(D) Abundance of immunoglobulins, relative to MS. Immunoglobulins are included if present in (C). IgM-related proteins are shown in dark blue, IgG proteins with a 

similar profile are shown in light blue. Other Ig proteins are shown in red.

(E) Regulation of non-immunoglobulin proteins that are significant, comparing any other disease to MS.

See also Figure S3.
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Figure 4. Survey of multi-class disease prediction and pseudo-time analysis of MS vs. neurological controls

(A) ROC curves. Individual neurological conditions vs. all other conditions combined. AIM, autoimmunity; DM AIM, demyelinating AIM not fulfilling MS criteria.

(B) ROC AUC matrix. Model identifying given disease (x) from all others combined or another individual disease (y). Multi-class model with potential error of 

predicting neither disease x nor y; therefore, performance for identification of x is stated (STAR Methods). Thus, non-equivalence across diagonal.

(C) Relationship of model feature weights, clinical covariates, and separation of diseases. Principal-component analysis of the model’s SHAP values. Explained 

variability (color code) in component projections (x) accounted for by log 2 -transformed covariates or disease status (y).

(D) Most influential features for the entire model ranked by their mean absolute SHAP values. Contribution to class-specific decision-making is color coded.

(E) Twenty most influential features for the classification of MS (left) and neoplasia (right). Samples are datapoints, the intensity of a given protein in a sample 

relative to the intensity in other samples is color coded; red denotes high protein intensity and blue is low intensity. The SHAP value measures a protein’s 

contribution to the model’s decision-making and is shown on the x axes. A positive SHAP value means that the protein’s specific intensity in that sample (e.g., high 

or low; see color code) predicts for a given disease. In contrast, a negative SHAP value corresponds to prediction against that disease, making other diseases 

more likely in that sample. For neoplasia, oncogenes are shown in red, tumor suppressors in green, and contextual role in both colors.

(legend continued on next page)
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Hypoxia pathways marked neoplasia and glycolysis/fibrinolysis 

ischemic stroke (Figure S4G). Thus, our large-scale analysis effi-

ciently disentangled pathological mechanisms.

Proteome-based staging of individuals with MS

Donors in cross-sectional cohorts reflect a range of disease 

severity, both regarding symptoms and molecular phenotypes. 

To capture this, we calculated sample positions along a 

pseudo-time axis, analogous to those in single-cell RNA 

sequencing but here reflecting proteomic perturbation rather 

than chronology (STAR Methods). As expected, neurological 

controls clustered at early pseudo-times, persons with MS at 

later ones, and pseudo-time staging correlated with the age-

related multiple sclerosis severity score (ARMSS) at CSF sam-

pling (Figures 4I, 4J, and S4H). Pseudo-time staging was not 

biased by age, sex, erythrocyte contamination, or protein identi-

fication depth, and the MS disease courses were evenly distrib-

uted on this scale in our cohort (Figure S4H). Although immuno-

globulin load and BCB impairment are generally correlated, only 

immunoglobulins increased along the pseudo-time (Figures 4J 

and S2E). Detection rates of MBP and neurofilaments, particu-

larly NEFM, also rose with pseudo-time, underscoring the sensi-

tivity of this analysis. Neurofilament proteins were elevated in MS 

compared with controls, reaching statistical significance in the 

Astral data. As clinical severity in MS is associated with immuno-

globulins and neurofilaments, but not with BCB impairment, our 

pseudo-time results separate meaningful biology from 

confounders. 58–60

Next, we extended the protein profile concept to the entire 

proteome, calculating both intensity and detection rate profiles 

and ranking them based on their explained variability and line-

arity (STAR Methods; Figures 4K and S4I). This yielded strong 

positive controls, for instance, TNFRS17/BCM, known as B cell 

maturation antigen, as well as MBP, NEFM, CHIT1, SDC1, and 

various immunoglobulins. MMP9, FCRL5, and the aforemen-

tioned CTSW had the strongest MS association. MMP9 corre-

lates with MS disease activity 61 ; the role of the other two in MS 

is not known.

FCRL5, an immunomodulatory Fc receptor and a marker of 

atypical memory B cells (atMBCs), 62–66 is associated with MS 

susceptibility. atMBCs accumulate in chronic infection and 

various autoimmune diseases. 62,67 Generally, atMBCs are 

induced by interferon (IFN)-γ, which is abundant in MS lesions 

and increased during active disease. 62,68,69 Although IFN-γ 
was too low in abundance to detect, we observed a concordant 

profile of CXCL10, which B cells secrete in response to IFN-γ

(Figure S4I). 70 Ectopic lymphoid follicles are common in MS, 

located near the CSF in brain tissue, are rich in B cells, and 

may further promote atMBC generation. 71,72 B cell-depleting 

therapies in MS should therefore be applied with careful moni-

toring of immune competence and infection risk to balance their 

therapeutic impact on autoimmune pathology with the need to 

prevent infections. 73

Biomarker panel for OCB-positive and -negative MS

For a clinical MS diagnosis, other inflammatory conditions are 

the most challenging to separate, 74 which aligns with our classi-

fication of CSF proteomes (Figure 4B). OCBs, the established 

diagnostic CSF biomarker for MS, are not present in all MS 

cases, and identifying MS in symptomatic individuals with nega-

tive OCB status is complicated. 5 In our cohort of >1,300 MS pa-

tients, only 72% had CSF-specific OCBs, and in another 13% 

the OCB testing result was borderline, highlighting the preva-

lence of the issue.

To delineate markers that address the above two challenges, 

we selected an approximately 1,600-sample-strong, covariate-

stratified subset of MS, inflammatory conditions, and controls 

and re-measured them with our improved Astral workflow 

(Figure 5A). MS CSF had a higher abundance of immunoglob-

ulins and, in particular, B cell markers when OCB positive 

(Figure 5B). With more than 2,000 proteins and subject age 

and sex available as features for cross-disease machine 

learning, MS classification performance saturated at around 

20–30 features (Figure S5A; STAR Methods). Across all sam-

ples, a 30-feature proteomic panel performed equally to the 

reference set of clinically established markers and additional 

covariates, including OCB status, IgG ratio, albumin ratio, 

leukocyte count, age, and sex (Figures 5C–5E and S5B–S5D). 

However, among OCB-negative samples, the proteomic panel 

outperformed the clinical markers by about 0.1–0.2 ROC AUC 

in discerning MS and CNS or PNS autoimmune diseases, 

including in a 600-strong replication cohort (Figure 5E). As a 

control, classification of OCB-negative samples by any model 

did not benefit from limiting the training set to OCB negatives 

(Figure S5E).

The marker panel contained both previously discussed marker 

proteins for MS and some without prior prominence in MS, such 

as FCRL5 or CTSW (Table S4). Additional proteins reflected 

pathways including myelin pathology (MBP), axonal degenera-

tion (NEFM), microglia/innate immunity (C1QB), immunoglobu-

lins (JCHAIN and IGKC), T (CD7) and memory B (CD27) cell 

load, overall cellular content (ACTG), or BCB impairment

(F) SHAP values across proteins (y) and diseases (x). Directionality interpretation as in (E).

(G) SHAP subcluster of MS-predicting features. Zoom of (F).

(H) Enrichment of annotation terms in SHAP values informing about MS.

(I) Correlation of pseudo-time staging of individuals from neurological controls to MS, with the neurological ARMSS score measured at CSF sampling.

(J) Characterization of MS pseudo-time. Top: distribution of MS and neurological control samples, associated QAlb and QIgG distributions along pseudo-time. 

Bottom: protein distributions of MBP, NEFM, and SDC1 along the pseudo-time, based on either the measured protein intensity or the protein detection rate local 

to the pseudo-time. Further, distributions are averaged into a protein profile, shown by a black line, using LOESS regression (STAR Methods).

(K) Prioritization of protein profiles according to linearity along pseudo-time (x) and explained variance (y). Profiles based on intensities (light blue) or detection rate 

(gray). Immunoglobulins shown in green, regardless of profile type. Trajectories with a positive Pearson’s coefficient (x axis) correspond to proteins with high 

abundance in MS, and those with negative coefficients to proteins with low abundance in MS compared to neurological controls, relative to the proteome. 

See also Figure S4.

ll
OPEN ACCESS

2136 Cell 189, 2128–2147, April 2, 2026

Resource



(APOB). This illustrates that biomarker panels can excel through 

quantitative pathway strength rather than single high-specificity 

markers.

Targeted assay for routine clinical application

Adoption of biomarkers requires assays for routine measure-

ments, which typically creates a translational hurdle for novel 

ones from exploratory proteomic studies. We built a targeted 

assay for the 29 proteins on the recently introduced Stellar 

mass spectrometer (Figure S6A; STAR Methods). Analyte pep-

tides were quantified as a ratio to 20 fm of isotope-labeled stan-

dards, which overall correlated with DIA quantities but improved 

data for low-abundance proteins (Figures S6B–S6E). We again 

measured the stratified discovery and replication cohort and 

selected 22 peptides, one for each protein, based on signal qual-

ity and workflow CV in discovery (STAR Methods). The biological 

effect across donor samples was at least twice, but typically 5- to 

15-fold, greater than the workflow CV (Figures S6F and S6G). 

Classification of diseases based on targeted measurements 

overall mirrored results based on discovery proteomics 

(Figures 6A–6D, S6H, and S6I). Notably, improved quantification 

by targeting further boosted the performance lead of proteomic

Figure 5. Discovery of a proteomics protein panel to separate oligoclonal band (OCB)-pos. and OCB-neg. MS from CNS inflammation

(A) Sample statistics of the stratified discovery subset and replication cohort.

(B) Protein regulation between OCB-pos. and OCB-neg. MS. Immunoglobulins are shown in red.

(C) Importance of the 30 most important features by mean absolute SHAP values. Contribution to disease-specific decision-making is color coded.

(D) Information content of features for prediction of MS across samples. Samples are shown as datapoints; intensity of the feature (protein) in the sample is color 

coded. SHAP value as a metric for contribution to decision-making on the x axes.

(E) ROC AUC for MS in the proteomic model (blue) and in the reference model of clinical CSF markers (green) in samples from all OCB groups (top) and in the OCB-

negative group only (bottom). Discovery (left) and replication (right) cohorts. Standard deviation error bars are shown. ROC AUC datapoints derive from cross-

validation splits (discovery) or bootstraps of the replication cohort predictions (replication). Significance from paired analysis, proteomic vs. reference model 

(STAR Methods).

See also Figure S5.
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Figure 6. Targeted assay for a 22-protein panel to separate OCB-pos. and OCB-neg. MS from CNS inflammation

(A) ROC AUC for MS in the proteomic model (blue) and in the reference model of markers used in clinical practice (green). Performance in OCB-neg. samples 

(bottom) and samples across all OCB statuses (top). Discovery cohort (left) and replication cohort (right). Standard deviation error bars are shown. ROC AUC 

datapoints derive from cross-validation splits (discovery) or bootstraps of the replication cohort predictions (replication). Significance from paired analysis, 

proteomic vs. reference model (STAR Methods).

(B) Feature importance summary. Importance as mean absolute SHAP values. Contribution to class-specific decision-making is color coded. Discovery data.

(C) Feature importance for MS prediction in samples of all OCB states. Samples are shown as datapoints; intensity of the protein in the sample is color coded. 

SHAP value as a metric for contribution to decision-making on the x axes, with contributions to predictions for the diagnosis group as positive values and 

contributions against the prediction of that disease as negative values.

(D) Feature importance for MS prediction in OCB-neg. samples. Otherwise, equivalent to (C).

(E) Performance improvement by targeted measurement. Double normalization: first, proteomic model minus clinical model performance; second, targeted 

minus discovery proteomics (DIA) differences.

(F) Performance robustness toward variable CSF amounts loaded onto the mass spectrometer in testing data, namely two 96-well plates of the replication cohort. 

Training data remained the initial discovery cohort data, where 10 μL of CSF peptides were measured.

See also Figure S6.
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Figure 7. CSF alterations in relapsing and PMS, and disease course conversion

(A) Protein regulation between relapsing-remitting MS (RRMS) and progressive MS (PMS). Immunoglobulin ORFs are shown in red.

(B) Effect sizes of protein regulation between RRMS and PMS subtypes. Primary PMS (PPMS) and secondary PMS (SPMS).

(C) Effect sizes for all proteins that are significantly regulated (adj. p < 0.05, marked by *) in at least one of the subtype comparisons. RRMS, relapsing-remitting 

MS; PPMS, primary PMS; SPMS, secondary PMS; PMS, progressive MS combined.

(D) Comparison of SHAP values of models for classification of progressive and remitting MS (PMS and RRMS) in the full dataset (x axis) or in the subset stratified 

for age and leukocyte count (y axis). Protein features with non-zero SHAP values in both models in the center plot, proteins with non-zero SHAP values in only one 

model on either axis. Aggregated SHAP values are shown on the axes. Proteins are color coded by the correlation of SHAP values between the two models across 

samples.

(E) Prioritization of trajectories according to linearity (x axis) along pseudo-time and variability explained by the trajectory (y axis). Trajectories are color coded, with 

intensity trajectories in blue and local detection rate trajectories in gray. Outliers and selected proteins of interest are highlighted. Trajectories with a positive 

Pearson’s coefficient (x axis) correspond to proteins with high abundance in PMS, and those with negative coefficients to proteins with high abundance in RMS.

(legend continued on next page)
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markers relative to the clinical reference model by 0.02–0.1 ROC 

AUC (Figure 6E). Further, the biological information was stored in 

the abundance relationships of panel proteins to one another, 

not their ratios to the fixed 20 fm standard. Accordingly, injecting 

30% or 60% less CSF specifically in testing data, as expected, 

did not alter performance, an inherent robustness advantage of 

panels compared with single-analyte markers (Figure 6F).

CSF signatures of relapsing-remitting MS and PMS 

Diverging pathological mechanisms between relapsing-remit-

ting MS (RRMS) and progressive MS (PMS) limit the effective-

ness of standard immunosuppression, underscoring the need 

for mechanistic insight for therapeutic innovation. We pooled pri-

mary and secondary PMS (PPMS and SPMS) to increase statis-

tical power in comparisons with RRMS due to the naturally lower 

PMS prevalence and the challenge posed by the gradual RRMS-

to-SPMS conversion. Nevertheless, PPMS and SPMS exhibited 

similar proteomic alterations, consistent with their clinical simi-

larity (Figures 7A–7C and S7A–S7D).

We prioritized discriminant proteins for RRMS and PMS by 

machine learning (Figure 7D). Because RRMS usually manifests 

at a younger age than PPMS and is associated with more im-

mune cells in the CSF, we addressed this imbalance by creating 

a stratified data subset that we analyzed alongside the full data-

set. Reassuringly, the balanced subset specifically reduced the 

weight of age, but proteins behaved concordantly with the full 

dataset. Protein associations combining machine learning and 

differential expression included several unexpected findings, 

including CNP and NPTX1, as well as positive controls, for 

instance, CHI3L1, CHI3L2, CHIT1, and CD44 (Table S4). Consis-

tent with current models of MS pathology, markers of adaptive 

immunity were more predictive for RRMS, whereas innate im-

mune signatures predominated in PMS (Figures 7D, 7E, and 

S7E). SERPINA3, an emerging marker of glial exhaustion, was 

also associated with PMS. Glial exhaustion is increasingly impli-

cated as a contributing mechanism in disease progression. 

Further, transforming growth factor (TGF) signaling and, in 

particular, TGFBR1 likewise predicted for PMS. In our classifica-

tion surveying neurological conditions, this pathway predicted 

for neurodegenerative diseases (Figure S4G), consistent with 

the neurodegenerative pathology of PMS in MS.

Proteome-based staging of MS disease course evolution 

To model the molecular continuum between relapses and pro-

gression and to explore its clinical relevance, we applied our 

pseudo-time analysis to stage individuals between RRMS and 

PMS. This correlated consistently with the ARMSS coefficient, 

across full, age-, and leukocyte-stratified data as well as in the 

replication cohort (Figures 7F–7I). We used the latest available

disability scores, typically 5 but up to 15 years after CSF sam-

pling, which did not confound the pseudo-time correlation but 

highlighted predictive potential.

Additionally, individuals with RRMS who later converted to 

SPMS were significantly shifted to higher pseudo-times than those 

without observed conversion (Figure 7J). Median time to conver-

sion after CSF sampling was 3 years, and this delay was inversely 

associated with the pseudo-time (Pearson’s r = − 0.73, linear 

regression: p = 0.004, slope = − 0.46, R 2 = 0.5, N = 13 converters). 

These findings highlight the potential utility of proteome-based 

staging to inform long-term treatment decisions.

Given this clinical relevance, we explored protein profiles along 

the pseudo-time as before. Outliers included several of the proteins 

observed in our above analyses on MS generally (Figures 7E and 

S7F–S7J; Table S4). Among RRMS-associated proteins, we de-

tected a human interactor of the Epstein-Barr virus (EBV) protein 

EBNA1, which itself influences MS pathogenesis. 75–79 Further, 

EBV infection generally is a strong MS risk factor. 80 Conversely, 

PMS associations were linked to innate immunity, the complement 

system, and human leukocyte antigen class II molecules (HLA-

DRB1 and HLA-DRB5), as well as CTSW and FCRL5, which are 

part of our MS biomarker panel (Figures 7E, S7I, and S7J). Notably, 

the HLA-DRB1 allele 15:01 is associated with increased suscepti-

bility to MS and worse health outcomes. 81–83 In summary, CSF pro-

teomics captures the molecular continuum from RRMS to SPMS, 

with insightful protein associations.

DISCUSSION

We have developed an in-depth high-throughput workflow for 

mass-spectrometry-based proteomics to analyze CSF. Using 

the timsTOF Pro 2 instrument, we detected 1,500 proteins per 

sample across 5,000 samples, a scale competitive with binder-

based CSF proteomic technologies, which also differ in proper-

ties. 16,24,84,85 Using the Orbitrap Astral, we subsequently raised 

protein identifications to 2,100 per sample, throughput to 100 

SPD, and made protein identification largely independent of 

BCB impairment, addressing key limitations of earlier workflows. 

These technological advances now enable proteomic studies of 

CSF at scale, with high completeness and robustness. 

Together with cohort diversity, this enabled the systematic 

assessment of disease and covariate effects and their interplay. 

So far, sex and age had received most attention 26,86 ; however, 

our study revealed BCB impairment to be the dominant source 

of variability, explaining roughly three times more variance than 

disease or any other covariate. Subsequent analysis revealed 

this to be true in OLINK data as well. This underscores the 

need to assess and correct for BCB impairment, which is not 

yet routine practice. For studies lacking QAlb information, which

(F) Relation of pseudo-time separating RMS (enriched at low pseudo-time) and PMS (high) with the latest available ARMSS score. Either all available MS samples 

in the discovery cohort were used (full) or only the age- and leukocyte-count-stratified subset (RMS300). Machine learning classifiers of RMS/PMS status from 

these two dataset variants of the discovery cohort were applied to the replication cohort.

(G) ROC AUC for the settings represented in (F).

(H) Distribution of ARMSS scores in relation to the time difference between CSF collection and ARMSS scoring.

(I) Distribution of the time difference between CSF collection and ARMSS scoring.

(J) Pseudo-time distribution of individuals with RRMS that converted to SPMS (top) or that did not convert (bottom).

See also Figure S7.
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is the standard metric of BCB impairment, we provide proteome-

derived substitutes. Although disease effects varied in magni-

tude, they correlated across conditions, reflecting common pro-

cesses such as inflammation or release of intracellular material. 

Accordingly, we found only about 20 proteins differentially abun-

dant in MS vs. other neurological diseases. Unsurprisingly, many 

more proteins are found to be MS-associated across literature 

studies that compare MS to fewer or less-related dis-

eases. 21,87–90 This emphasizes the importance of focusing on 

all clinically relevant control conditions to identify specific 

alterations.

Our study reproduced many associations between MS and in-

dividual proteins from past investigations of CSF or tissues or 

from genetic studies. These include CHIT1, CHI3L1, CHI3L2, 

MBP, GFAP, SPP1, MMP9, SDC1, and neurofilaments, which 

serve as positive controls. Several of these had only been shown 

in comparisons with healthy or non-inflammatory controls, 

whereas our data extend this to other inflammatory diseases 

(Table S4). For PMS, we identified emerging candidates, such 

as SERPINA3, which are present in the brain and point to glial 

exhaustion 91 as a pathological factor in progression. Regarding 

MS generally, we found some protein associations of therapeutic 

interest. For example, RYR2 and CSF1R inhibition ameliorates 

experimental AIM, and drugs targeting these proteins already 

exist and are approved for cardiac conditions or under evalua-

tion in oncology. 92–98 CTSW, another candidate, modulates 

mucosal inflammation. 99 More broadly, because most drug tar-

gets are proteins, large-scale human proteomics offers a rational 

basis for prioritizing candidates. With improved coverage and 

scalability, CSF proteomics is now positioned to support this 

translational step.

Biomarker development remains the primary clinical applica-

tion of CSF analysis. Regarding MS, differential diagnosis has 

persistent challenges, especially in OCB-negative individuals. 

We delineated a 22-protein panel that outperformed current 

markers in this subgroup, while maintaining comparable perfor-

mance across OCB statuses, suggesting broader applicability. 

The panel achieves discriminatory power by integrating the 

levels of fairly disease-specific proteins and common processes 

such as inflammation, indicating that uniquely specific and sen-

sitive single markers may be aspirational but are neither easily 

found nor actually required. In a related development, neither 

GFAP nor NEFL are specific to MS, but their ratio has been dis-

cussed as a biomarker separating MS from neuromyelitis optica 

spectrum disorder (NMOSD). 100

Biomarker translation is often hindered by fragmentation of ev-

idence across studies. 101,102 Here, we demonstrated how tech-

nological advances have enabled an integrative approach that 

combines the key aspects in a single study: large-scale protein 

and sample analysis, inclusion of diverse and clinically relevant 

controls, multi-protein panel assembly, direct benchmarking 

against established markers, assay transfer to a routine-compat-

ible format, and verification of clinical benefit in a replication 

cohort. In terms of clinical applicability, targeted mass spec-

trometry is already established in clinical laboratories for small 

molecules and some proteins. The technology offers low mar-

ginal cost per sample and efficiently covers multiple biomarkers 

of a panel, offering seamless assay translation.

Treatment options in MS range from mild immunomodulators 

to strong immunosuppressive drugs that reduce acute inflam-

mation. The latter are most effective at slowing disability accu-

mulation when initiated early, although they carry greater side-

effect risks. The emergence of therapies that target progression 

itself, such as tolebrutinib, makes it valuable to identify patients 

with elevated progression independent of relapse activity (PIRA) 

early in the disease course.

However, current clinical indicators such as relapse history, 

MRI lesion burden, and disability scores offer only modest prog-

nostic value and often require longitudinal observation, limiting 

their utility for guiding timely treatment decisions. 103,104 

Emerging CSF biomarkers such as NEFL, GFAP, and CHIT1 

reflect distinct pathological processes and are differentially use-

ful for acute and long-term assessment. 8,11,105,106 Multi-protein 

panels integrate such complexity to improve performance, 

exemplified by the Octave test for acute MS disease activity, 

though large-scale validation is still needed. 34,35

Additionally, CSF proteomic profiling can broadly predict 

levels of disability years after CSF sampling. 16 With our 

pseudo-time staging, we also expand the prognostic range: 

this single proteome-derived metric simultaneously correlates 

with multiple clinical outcomes, namely disability, RRMS-to-

SPMS conversion risk, and time to conversion. Another major 

advantage is that training the pseudo-time prediction is indepen-

dent of clinical outcomes. Accordingly, samples lacking 

outcome data can still contribute to training. Outcome heteroge-

neity, such as varying time to the available outcome data or rare 

events such as SPMS conversion, is difficult for direct outcome 

prediction but not for pseudo-time staging. This is a particular 

boon for cross-sectional cohorts, which predominate in practice. 

Our study showcases that even cross-sectional cohorts of CSF 

sampled at diagnosis can reveal long-term prognostic patterns, 

which are especially relevant for guiding emerging PIRA-tar-

geted treatment strategies. Analysis of controlled longitudinal 

cohorts will be crucial for clinical translation. Use of the integra-

tive approach presented here for MS differential diagnosis is a 

promising advance toward routine-compatible assays.

Limitations of the study

Mass-spectrometry-based proteomics generally quantifies pro-

teins relative to the overall proteome rather than providing abso-

lute concentrations of individual analytes. Protein detectability 

can depend on the sample matrix and may vary across individ-

uals. As with other proteomic techniques, not all proteins are 

consistently observed across all samples. Nevertheless, our 

study shows that mass spectrometry is well suited for discovery 

in large-scale cohorts, and interpretation is best focused on 

identified associations rather than missing signals.

In this study, we addressed key translational barriers by con-

verting discovery data into a targeted assay with spike-in stan-

dards, which enabled successful replication in an independent 

cohort and lays the groundwork for routine laboratory workflows. 

For clinical qualification, however, further steps will be required, 

such as establishing absolute quantification using standards 

with defined concentrations. Quantification boundaries, linearity, 

and measurement precision across the dynamic range need to 

be benchmarked across instruments and sites. Validating
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clinical benefit will require large, well-characterized cohorts, 

ideally through prospective, multi-center studies. Such studies 

will also need to identify how to best integrate advanced CSF 

biomarkers with MRI findings.

Determining diagnostic performance depends on indepen-

dent ground truth, such as post-mortem confirmation or long-

term clinical follow-up, both difficult to obtain for CSF. In 

practice, many studies, particularly at the discovery and early 

validation stage, are limited to well-curated cross-sectional co-

horts like ours. This makes it essential to extract maximal value 

from such cohorts through rigorous design and comprehensive 

analysis as we have done here.
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Data and code availability

The mass spectrometry data have been deposited at the ProteomeXchange 

Consortium via the PRIDE partner repository in three datasets. Dataset PRIDE: 

PXD045058 pertains to the full discovery cohort measured on the timsTOF 

Pro 2, as well as the pilot cohort measured on the Orbitrap setups (Q Exactive 

HF-X, Exploris 480). Dataset PRIDE: PXD064570 contains the Astral-

measured data of the stratified subset of the discovery cohort and the replica-

tion cohort. Dataset PRIDE: PXD064513 contains the targeted mass spec-

trometry data.

All software used to collect and analyze data for this work was either pub-

lished previously or is commercially available. The code generated to analyze 

the data of this study is deposited on the OSF platform (DOI: https://doi.org/10. 

17605/OSF.IO/JM2AK). This repository also contains additional tables with 

analysis results and proteome data, including those from the pilot study. Any 

additional information required to reanalyze the data reported in this paper is 
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(2023). Proteomics reveal biomarkers for diagnosis, disease activity and 

long-term disability outcomes in multiple sclerosis. Nat. Commun. 14, 

6903. https://doi.org/10.1038/s41467-023-42682-9.

17. Elkjaer, M.L., Nawrocki, A., Kacprowski, T., Lassen, P., Simonsen, A.H., 

Marignier, R., Sejbaek, T., Nielsen, H.H., Wermuth, L., Rashid, A.Y., et al. 

(2021). CSF proteome in multiple sclerosis subtypes related to brain 

lesion transcriptomes. Sci. Rep. 11, 4132. https://doi.org/10.1038/ 

s41598-021-83591-5.

18. Huang, J., Khademi, M., Fugger, L., Lindhe, O ¨ ., Novakova, L., Axelsson, 
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STAR★METHODS

KEY RESOURCES TABLE

REAGENT or RESOURCE SOURCE IDENTIFIER

Biological samples

Human CSF This study N/A

Chemicals, peptides, and recombinant proteins

lysyl Endopeptidase®, mass spectrometry 

grade (Lys-C)

FUJIFILM Wako Cat# WAKO129-02541

trypsin, porcine, mass spectrometry grade Sigma Aldrich /Merck Cat# T6567

styroldivinylbenzol-reversed phase 

sulfonate (SDB-RPS)

Empore 3M Cat# 13427427

Isotope labeled heavy spike-in peptides, 

custom synthesized in manufacturer grade 

‘SpikeMix L’ and ‘MaxiSpikeTides L’ for a 

few peptides longer than 20 amino acids. 

Overview table on peptide sequences 

included in PRIDE repository for targeted 

data, see below

JPT Technologies, Berlin, Germany N/A

N Albumin-Standard Siemens N/A

N IgG-Standard Siemens N/A

Trichloroacetic acid for total protein 

measurement

Siemens N/A

Deposited data

Raw proteomic data measured on the 

timsTOF Pro 2 or Orbitrap platforms 

(Q Exactive HF-X, Exploris 480).

This paper, access via PRIDE repository PRIDE: PXD045058

Raw proteomic data measured on the Astral 

platform

This paper, access via PRIDE repository PRIDE: PXD064570

Raw targeted proteomic data measured on 

the Stellar platform

This paper, access via PRIDE repository PRIDE: PXD064513

Processed proteomic data, key R and 

Python code to analyze the data, and key 

analysis results generated in this study

this paper, access via OSF platform OSF: https://doi.org/10.17605/OSF.IO/ 

JM2AK

Brain cell type proteomes, specifically 

protein expression data of cultured CNS 

cell types for individual replicates and 

developmental stage

Sharma et al. 54 Table S5; https://static-content.springer. 

com/esm/art%3A10.1038%2Fnn.4160/ 

MediaObjects/41593_2015_BFnn4160_ 

MOESM42_ESM.xlsx

Proteomes of human immune cells in blood, 

specifically the total proteomes files

Rieckmann et al. 53 Table S3; https://static-content.springer. 

com/esm/art%3A10.1038%2Fni.3693/ 

MediaObjects/41590_2017_BFni3693_ 

MOESM10_ESM.xlsx

OLINK CSF proteome dataset, comparing 

MS to healthy controls

A ˚ kesson et al. 16 Table S1; https://static-content.springer.

com/esm/art%3A10.1038%2Fs41467-

023-42682-9/MediaObjects/41467_2023_ 

42682_MOESM4_ESM.xlsx

OLINK CSF proteome dataset on variability 

explained by QAlb

Held et al. 24 , access via OSF repository osf.io/n6hx5/?view_only=05edc0

dc8bec405686cca8d1d7669811

Software and algorithms

Fragpipe suite including MSFragger, mass 

spectrometry search engine for library 

generation

Kong et al. 107 https://fragpipe.nesvilab.org/

(Continued on next page)
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EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Study collective – Discovery cohort

We first measured CSF proteomes in a pilot study comprising cross-sectional samples from 482 individuals across two cohorts. More 

information about this pilot study can be found on the PRIDE archive. The main study included cross-sectional samples from 5,059 

individuals in one cohort and used a different experimental setup but still included more than 95% of the samples of the pilot study. 

From here, we will focus on describing the main study. It comprised cross-sectional CSF samples from 5059 donors. For data anal-

ysis, we excluded 14 samples with less than 500 identified proteins, reducing this to 5045 samples. In that set, there were 1343 sam-

ples from donors with multiple sclerosis (MS), 641 with other neurological autoimmune diseases, 391 with neurodegenerative 

diseases, 300 with infectious diseases, 241 with neoplasia, 178 with stroke, 599 neurological controls, and 1352 with other CNS dis-

eases. The predominant subtype of MS was RRMS, with 1190 samples, followed by PPMS and SPMS, with 93 and 54 samples, 

respectively. The RRMS group was predominantly treatment-naı̈ve and included RRMS and CIS samples due to changes in the diag-

nostic criteria during the time of sample collection. Stroke samples were predominantly of ischemic type, with 164 samples; 14 hem-

orrhagic stroke samples were excluded from biological analyses. The group of other autoimmune diseases was further categorized 

into three groups, namely demyelinating events not fulfilling MS diagnostic criteria, such as myelitides (referred to as ‘‘DM AIM’’), 

other autoimmune diseases of the central nervous system not related to MS, including Neuromyelitis optica spectrum disorders 

(‘‘CNS AIM’’), and other autoimmune diseases of the peripheral nervous system, for example polyneuropathies (‘‘PNS AIM’’). The 

DM AIM group included 290 samples, CNS AIM 155 samples, and PNS AIM 196 samples.

Informed consent was obtained from all individuals, and the local ethics committee approved the study (S324/2019). The diagno-

ses were extracted from the hospital records and were made according to standard guidelines and diagnostic criteria. The control 

group consists of individuals who received a diagnostic workup after presenting with headache with 1) no evidence of a structural 

neurological disease or 2) a diagnosis of idiopathic intracranial hypertension. Individuals with MS were diagnosed according to 

the McDonald criteria valid at the time. 74,114,115

A subset of 1595 individuals were selected as stratified subset for re-measurement by the Astral with the intention of finding bio-

markers separating MS from other inflammatory diseases. Stratification aimed to reduce covariate differences and retain only sam-

ples with the clearest and most relevant diagnoses to the above aim. This selection of the most relevant autoimmune and inflamma-

tory diseases in the context of an MS diagnosis was performed by clinical specialists. Additionally, samples were only included if they 

had none or little blood contamination (0 or (+)). For MS samples, this was stricter and required no evidence of blood contamination.

Continued

REAGENT or RESOURCE SOURCE IDENTIFIER

DIA-NN version 1.8.1, mass spectrometry 

search engine for processing of CSF 

samples

Demichev et al. 108 https://github.com/vdemichev/DiaNN

directLFQ, normalization algorithm for MS 

data

Ammar et al. 49 https://github.com/MannLabs/directlfq

AlphaPeptDeep, spectral library prediction Zeng et al. 37 https://github.com/MannLabs/

alphapeptdeep

Skyline daily suite to analyze targeted MS 

data, version 24.1.1.398

MacCoss Lab https://skyline.ms/project/home/software/

Skyline/begin.view

PRM conductor Philipp Remes (Thermo Fisher Scientific) https://skyline.ms/skyts/home/software/

Skyline/tools/details.view?name=PRM%

20Conductor

XGBoost, machine learning classifier Chen and Guestrin 109 https://xgboost.readthedocs.io/en/stable/

SHAP, package for Shapley value 

extraction

Lundberg and Lee 110 https://shap.readthedocs.io/en/latest/

Perseus computational platform Tyanova et al. 111 https://maxquant.net/perseus/

1D annotation enrichment Cox and Mann 112 NA

Python version 3.10.09 Python Software Foundation https://www.python.org/

Protis, protein testing Siemens https://www.siemens-healthineers.com/ 

diagnostics-it/decision-support/protis-

system

R version 4.3.0 R Core Team https://www.R-project.org/

Limma for differential expression analysis, 

version 3.50.0

Ritchie et al. 113 https://bioconductor.org/packages/

release/bioc/html/limma.html
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Further, MS samples were matched to the group of individuals with demyelinating events not fulfilling MS diagnostic criteria in a 4:1 

ratio based on age, sex, difference to age adjusted Qalb, IgG ratio, OCB presence and leukocyte count. The resulting stratified subset 

comprised 195 individuals with infectious diseases, 755 individuals with MS, 373 with other autoimmune diseases and 272 neuro-

logical controls. Amongst autoimmune diseases, the DM AIM subgroup included 182 individuals, the CNS AIM group 96, and the 

PNS AIM group 95. More information about samples is in Table S1.

Study collective – Replication cohort

The replication cohort for the follow-up measurements consisted of 616 samples, including samples from 220 individuals with MS, 37 

individuals with infectious diseases, 155 neurological controls, and 204 individuals with other autoimmune diseases. The group of 

individuals with other autoimmune diseases was again separated into demyelinating events not fulfilling MS diagnostic criteria 

with 109 samples, other autoimmune diseases of the central nervous system not related to MS with 36 samples, and other autoim-

mune diseases of the peripheral nervous system with 59 samples. Inclusion required available information on Qalb, blood contam-

ination and OCB status. This cohort includes 351 samples that were also included in full discovery cohort measured on the timsTOF 

platform, but not in the stratified subset of the discovery cohort, meaning that they were first measured on the Astral platform in the 

replication cohort. As we collected samples for the replication cohort, few OCB-negative MS samples were available, reflecting their 

low natural prevalence. To reach sufficient numbers, we reduced the stratified discovery subset from 139 to 100 OCB-neg. MS sam-

ples, transferring 39 randomly chosen samples to the replication cohort. For these 39 samples, Astral measurements in both repli-

cation and stratified subset of the discovery cohort exist. We ensured that these samples were excluded from the discovery dataset 

in our analyses.

METHOD DETAILS

Clinical sampling, measurements, and quality control

All samples were obtained and processed in the department of Neurology at TUM. After lumbar puncture, samples were immediately 

transferred to the laboratory, stored on ice, and processed within one hour maximum in the standardized process described in this 

section, which was guided by community guidelines. 116 Clinical and proteomic measurements were conducted in a blinded fashion. 

For cell count determination, 3μl CSF stored in polypropylene tubes were pipetted into a Rosenthal counting chamber, and leuko-

cytes and erythrocytes were counted manually under the microscope (Zeiss, AXIO Lab.A1) and were visually assessed. Erythrocyte 

count was categorized into groups 0 to +++, depending on the number of erythrocytes observed, marking it as ‘‘bloody’’ when there 

are few erythrocytes in the sample (group 0 or +), but the color was nevertheless visibly changed. For measuring protein in CSF and 

blood serum, whole blood samples were centrifuged at 3500 rpm for 10 minutes and the serum was decanted. Samples were then 

analyzed by nephelometry using a ProSpec instrument from Siemens with specific reagents: N Albumin-Standard and N IgG-

Standard for albumin and IgG, respectively, and trichloroacetic acid for total protein analysis. Data are processed with Protis 

(Siemens), and ratios between serum and CSF were automatically computed. Total protein measurement in CSF was discontinued 

in 2019 because certified control sera were not available any longer, resulting in missing information for ca. 20% or the samples. The 

quality of the measurements was controlled by daily test measurements of Liquicheck Spinal Fluid Control 1 + 2 (neolab). These mea-

surements were later replaced by an Optilite system (Binding Site), in use for approximately 45 samples of this cohort. The amount of 

oligoclonal bands in CSF and serum were indicated by 0, (+) or +, and an optional free text field. These indicators were not present for 

all samples. CSF-specific oligoclonal bands were classified as ‘‘positive’’ if the indicator for serum was 0 and + for CSF, or serum was 

(+) and CSF +, or both + with at least 2 CSF-specific bands specified in the free text field. They were classified as ‘‘borderline’’, if 

serum was 0 and CSF (+), both (+), or serum was (+) and CSF +, or both + with less than 2 CSF-specific bands specified in the 

free text field. In all other cases with available information, the CSF-specific OCBs were classified as negative, or NA for unavailable 

data. For all samples included in this study at least 200μl remained.

After the above quality controls, which took 15 minutes, CSF cells were removed by dual centrifugation and CSF was frozen for 

long-term storage. The first centrifugation was performed at 400g for 10 minutes, and cellular material was stored separately. The 

CSF was again centrifuged at 1200g for 10 minutes and the supernatant was frozen at -80 ◦ C. The ‘‘difference to age-adjusted 

QAlb’’ is computed according to the Reiber formula by subtracting the measured QAlb value from the maximum QAlb value defined 

as healthy depending on age (QAlb_max = 4+age/15). 117 EDSS scores were converted to global ARMSS scores as described by 

Manouchehrinia et al. 118

Dataset overview

We first measured a pilot cohort of about 500 samples on quadrupole-Orbitrap mass spectrometers (Q Exactive HF-X, Exploris 480) 

in a workflow analogous to our previous Alzheimer’s Disease (AD) study. 36 These samples were again fully contained in our main dis-

covery cohort comprising more than 5000 samples described above, which were measured on the timsTOF Pro 2 mass spectrom-

eter. We did not analyze pilot cohort proteomes in this manuscript, but the pilot cohort spectra refined the library used to process the 

timsTOF data. Later in our study, we built an improved proteomic workflow around the Orbitrap Astral. With this Astral workflow we 

re-measured about 2000 samples of the discovery cohort which we had prepared for timsTOF measurement before, and 600 new 

samples of an additional replication cohort. These discovery samples comprised the about 1600-strong stratified subset to identify
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biomarkers to separate MS from other inflammatory CNS conditions, and additional samples to study MS disease course differ-

ences. Lastly, we built a targeted assay for 29 of the Astral data-derived MS biomarkers on the Stellar mass spectrometer which 

we applied to again measure the stratified discovery subset and the replication cohort.

Sample organization and pooled samples for quality control

Regarding the main discovery cohort, blocking randomization was used to assign cross-sectional samples to 56 96-well plates. Sam-

ple plates were stratified for age, sex, and MS status (MS cases or controls). Additionally, we included samples from a pool of MS CSF 

as well as samples from a pool of non-MS CSF for quality control purposes and to calculate technical variability. Two pool samples of 

each type were included on each of the 56 plates, reflecting inter-plate preparation. Positions A1 and D6 contained pooled MS CSF, 

and positions A2 and D7 contained pooled non-MS CSF. Additionally, 16 pool samples of each type were placed on plate 57, reflect-

ing intra-plate sample preparation. Both of these two preparation types were combined with measurement along cohort samples of 

the study or in blocks of pool samples only, to integrate or exclude, respectively, the variability of the analytical system across the 

entire cohort. For that purpose, aliquots of pool samples after sample preparation were transferred from the 56 cohort plates to three 

separate pool plates (‘POL’) for joint Evotip loading and measurement in block. The replication cohort was prepared later and con-

tained freshly prepared but similar pool samples for MS and non-MS. Within the replication cohort, blocking randomization across 

was again used as before.

Sample preparation

Regarding the pilot cohort, sample preparation followed our AD study protocol. Regarding the main discovery and replication cohort, 

we optimized the sample preparation for high-throughput processing and improved protein depth at short gradients. CSF was gently 

thawed on ice and 40μl aliquoted to 96-well plates on ice. For each sample plate, denaturing buffer was freshly prepared by 

combining 4ml of pure water, 0.5ml of 1M Tris/HCl pH8, 0.4ml of 0.55M chloroacetamide, and 0.1ml of 0.5M TCEP solution. To 

each sample, 40μl of denaturing buffer was added. The chloroacetamide solution was prepared at the beginning of the study, split 

into 0.4ml aliquots, and stored at -20 ◦ C. The plate was sealed, shaken at 2000rpm on a shaking incubator, and spun at 500g for 1 min-

ute to settle the liquid. The samples were denatured at 87 ◦ C at 300rpm on a shaking incubator. The temperature was not raised to 

ensure that no lid popped open due to pressurization. After cooling for 5 minutes, the samples were again spun to settle the conden-

sate and then frozen at -20 ◦ C until further processing.

Further liquid handling was automated on the Agilent Bravo platform with custom protocols for digestion, peptide clean-up by 

StageTips, and Evotip loading. Processing was done in batches of eight sample plates. Samples were thawed at room temperature, 

and a 20μl solution containing 0.16μg of both trypsin and LysC each was added. An enzyme solution for all sample plates was pre-

pared at the beginning of the study and aliquoted, this solution was freshly diluted and dispensed to a 96well plate for robot handling. 

Sample plates with enzyme were mixed at 2000rpm for 1min on a shaking incubator and then digested at 37 ◦ C for 18 hours over 

night. The next day, the samples were acidified by the addition of 20μl 50% (v/v) trifluoroacetic acid and mixed by pipetting up 

and down by the robot. The samples were transferred to StageTips for clean-up, removing lipids, salts, and potential particles. 

StageTips were filled with three 14-gauge plugs of SDB-RPS resin. Packing was done by one person to minimize variability. 

StageTips were centrifuged for 15min at 1700g and visually checked for complete flow through of the samples. In the rare case 

of StageTip clogging, a thin gel loader pipette tip was used to remove potential particles off the resin disc. The StageTip discs 

were then washed with 100μl of 1% (v/v) trifluoroacetic acid in isopropanol. Complete flow-through and dryness of the disc were 

visually checked before the addition of 50μl elution solution containing 50% (v/v) acetonitrile and 1% ammonium hydroxide. Peptides 

were eluted directly into 96well plates by centrifugation at 300g for 3 minutes and 1000g for 2 minutes. Eluates were dried in a vacuum 

concentrator for 90 minutes at 60 ◦ C and resuspended in 70μl of 2% (v/v) acetonitrile, 2% acetic acid, and 0.5% trifluoroacetic acid. 

The samples were then frozen at -20 ◦ C and stored until loading onto Evotips shortly before measurement.

Loading of Evotips with sample peptides for measurement

For Evotip loading, samples were thawed and mixed in a shaking incubator at 2000rpm for one minute. Evotips were soaked in 

1-propanol poured into an Evotip box for about 3 minutes until the liquid was 1-2mm above the C18 disc. Evotips were then trans-

ferred to 3D-printed custom trays that fit into the Agilent robot spaces for robot handling. The soaked 1-propanol was removed by the 

addition of 50μl 0.1% (v/v) formic acid (EvoA) and centrifugation for 1 minute at 700g. To prevent drying of the EvoTip, 15μl of EvoA 

was added without delay, and the Evotips spun quickly up to 300g to settle the liquid on top of the discs. Then 50μl of EvoA was 

added, which stayed higher up in the tip absent centrifugation. Into that liquid, the sample peptides were pipetted and mixed by 

the robot. For measurement on the timsTOF Pro 2, 4μl corresponding to about 400ng of peptides were loaded. For Astral measure-

ments, this was reduced to 2μl. For targeted measurements on the Stellar, first 20μl containing 20fm of each isotope-labeled heavy 

peptide in 1% (v/v) acetonitrile were added, and then 10μl of CSF peptides. For a separate CSF loading experiment, a reduced 

amount of CSF peptides of only 7 and 4μl were additionally loaded for two sample plates of the replication cohort. After peptide 

loading, Evotips were centrifuged at 700g for 1min to bind the peptides to the C18 disc, washed with 50μl EvoA as before, filled 

with 100μl of EvoA, and transferred back to an Evotip box, which was also filled with EvoA. The loaded Evotip boxes were stored
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at 4 ◦ C until LC-MS/MS analysis, typically no longer than one week for discovery proteomics. For targeted proteomics on the Stellar, 

this was reduced to a maximum of three days through more frequent sample loading and 1mM of dithiothreitol was added to EvoA to 

counteract potential peptide oxidation.

Preparation of samples for library generation

For processing of pilot cohort data, we generated 24 high pH fractions from digested MS CSF using an automated high-pH fraction-

ator, similar to our AD study. 36,119

For the main study, we extended the experimental library to a total of four fraction sets, collecting initially 48 and subsequently 96 

fractions of tryptic digests of each depleted and undepleted CSF. To add to total identified peptides, we still included the 48 fraction 

sets. For depletion, we used an equal volume of CSF and a 50% slurry of High-Select Top14 plasma depletion resin (Pierce/ 

ThermoFisher). (Note that there is no commercial CSF-specific depletion kit to remove highly abundant plasma proteins in CSF.) 

Depleted and undepleted CSF were used to obtain a deep library while keeping depleted proteins in the overall library. Fractionation 

required high starting amounts of peptides. To avoid overloading the SDB-RPS resin during clean-up, the digested CSF was distrib-

uted onto multiple StageTips, loading no more than 10μg per tip. The eluted and vacuum concentrator-dried desalted peptides were 

resuspended, pooled, and their concentration was measured by absorbance at 280nm using a spectrophotometer (Nanodrop 2000, 

Thermo Fisher). About 50-100μg of peptide in 45μl were used for high pH fractionation. While less comprehensive than 96 fractions, 

we included the sets of 48 fractions in the measurement as we expected it to add identifications to the overall experimental library due 

to the stochasticity of data-dependent acquisition during measurement. After fractionation, we measured the peptide concentration 

in each fraction by spectrophotometry as above and used about 50-80ng for LC-MS/MS analysis. The Astral library was created 

computationally and did not require CSF sample measurements.

Mass spectrometry for discovery proteomics

Orbitrap setup measurements were done on two related instruments: A first partition of the pilot cohort was measured on a Q Ex-

active HF-X, equivalent to our prior AD study. 36 The second partition was measured on the successor instrument, the Exploris 

480, with equivalent settings. For chromatography, we used a home-packed 50 cm column (inner diameter of 75μm, packed with 

1.9 A Reprosil AQ Beads, Dr. Maisch), and the EASY-nLC 1200 system (Thermo Fisher). The data-independent acquisition (DIA) 

scheme to measure cohort samples included one MS1 survey scan followed by 33 MS2 scans. The high pH CSF fractions for the 

library were measured in data-dependent acquisition (DDA) mode, selecting the top 12 most abundant precursors for fragmentation. 

We used a 100-minute gradient, corresponding to a throughput of 12 samples per day (SPD) when accounting for sample loading 

overheads.

The timsTOF Pro 2 (Bruker Daltonics) was coupled to an Evosep One chromatography system (Evosep). Peptides were separated 

by a 21-minute gradient with a flow rate of 1 μl/min during peptide elution and a 2 μl/min flow at the start and end of the gradient. This 

gradient corresponds to a throughput of 60 samples per day. A commercial 8 cm x 150 um ID column packed with 1.5 um C18 func-

tionalized beads (PepSep) was used at 40 ◦ C, connected to a 10 μm ID fused silica emitter (ZDV Captive Spray Emitter), which was 

housed in the captive spray ion source (all Bruker Daltonics) interfacing liquid chromatography and mass spectrometry. The mass 

spectrometer was operated in dia-PASEF mode 120 with variable window width for measurement of the CSF study samples. The win-

dows were arranged with the py_diAID tool to cover the precursor cloud efficiently in the m/z – ion mobility (IM) plane. 121 For that 

purpose, the precursor density distribution in m/z and IM was modeled based on a tryptic high pH fractionation library of pooled 

CSF acquired by the same gradient. From previous experience with the ‘high-speed’ dia-PASEF method, we used the constraints 

of m/z 400 to 1200. 120 Additionally, we found that constraining the ion mobility to 0.8 - 1.3 Vs cm-2 1/K 0 was optimal, leaving out 

some very short peptides. The optimized dia-PASEF method comprised one MS1 scan followed by ten dia-PASEF scans with 

two IM ramps, corresponding to 20 MS2 windows (Table S1). The accumulation and ramp time were 100 ms, resulting in an overall 

cycle time of 1.16 seconds. The collision energy was a linear ramp from 20 eV at 1/K0 = 0.6 Vs cm-2 to 59 eV at 1/K0 = 1.6 Vs cm-2. 

The instrument was controlled by HyStar (6.0.30.0) and timsControl (3.0.20.0) data acquisition software (all Bruker Daltonics). To 

measure high pH fractions for the library, the MS was operated in dda-PASEF mode with one MS1 survey TIMS-MS and 4 

PASEF MS/MS scans per acquisition cycle. 122 All other settings were the same as in our dia-PASEF method, including the ranges 

of IM and m/z. Generally, the measurement order on a sample plate was from left to right and subsequently from top to bottom 

rows. Plates were measured mainly according to plate order. When analytical performance fell below a threshold or an issue 

occurred, measurement of the entire plate was repeated later on, as this required loading the samples on Evotips again. The mea-

surement order can be found in the supplement.

The Astral mass spectrometer (Thermo) was also coupled to the EvoSep One. However, we used a 11.5-minute gradient, corre-

sponding to a throughput of 100 samples per day, and an 8cm (ion opticks) column. A FAIMS device was mounted to the mass spec-

trometer and operated at a compensation voltage of -40V, limiting entry of contaminants and reducing the need for cleaning. The ion 

source was operated at 1900V, the ion transfer tube at 280 ◦ C. Survey (MS1) scans were acquired by the Orbitrap at a resolution of 

120000, covering a range of 380-980 m/z. This range was split into 150 isolation windows of 4 m/z for data-independent acquisition 

by the Astral mass analyzer. The normalized AGC target was set to 500%. The maximum injection time per isolation window was 

limited to 7ms. Isolated ions were fragmented in the HCD cell at a normalized collision energy of 25. Fragment spectra (MS2) 

were recorded for the 150-2000 m/z range.
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Library generation for discovery proteomics

Separate spectral libraries were generated for each analytical platform. Specifically, this included the Orbitrap (Q Exactive HF-X/ 

Exploris 480) setup with a 100-minute gradient, the timsTOF Pro 2 setup with a 21-minute gradient, and the Orbitrap Astral setup 

with a 11.5-minute gradient. For the first two setups, we generated libraries through a combination of experimentally acquisition 

and computationally prediction. The Astral library was entirely computationally predicted.

Regarding experimental libraries, data-dependent acquisition (DDA) raw files of high pH-fractionated CSF peptides were searched 

by MSFragger (software version 3.5) in the Fragpipe suite (18.0) using Philospher (4.2.2), EasyPQP (0.1.29) and Python (3.9). 107 The 

proteome fasta file was downloaded from UniProt in March 2022 and generally comprised SwissProt entries as well as reviewed iso-

forms. For analysis of DDA raw files of high pH fractions, UniProt TrEmbl entries were also considered. Additionally, common con-

taminants and enzymes for digestion preloaded in Fragpipe were included in the search space but later removed before bioinformatic 

analysis. Fragpipe generated an equally sized sequence-reversed decoy database for FDR scoring. Default search parameters were 

used unless stated otherwise. In brief, the peptide length was set to 7 to 45 amino acids, and the peptide mass was constrained to 

500 to 5,000. The protein digest was set to trypsin, and one miscleavage, as well as the variable modifications N-terminal acetylation 

and methionine oxidation, were allowed. Carbamidomethlyation was set as a fixed modification. For the Orbitrap setup, the 24 high 

pH fraction raw files of multiple sclerosis CSF were complemented with two sets of 24 raw files each of AD and control CSF from our 

prior AD study which had an equivalent analytical setup. Regarding the timsTOF setup, the four sets of fractions (48 or 96) combined 

with optional depletion totaled 288 raw files for library generation.

For computational library generation, spectra were predicted by the AlphaPeptDeep software for the entire human UniProt prote-

ome and the top 16 most abundant fragments were retained. 37 Within the same analytical setup, experimental libraries were used as 

training data to fine tune the prediction of spectra, retention time, and ion mobilities. To limit the already large size of the predicted 

library, we constrained the prediction of peptides to the dominant precursor properties in our experimental libraries. Specifically, 

peptide length was limited to seven to 35 amino acids, peptide charge to two to four charges. Likewise, a maximum of one missed 

cleavage, and a maximum of one methionine oxidation per peptide was permitted. Ions were removed from the predicted library if 

they were already contained in the experimental library.

The quality of the prediction was assessed by comparing predicted and experimental values for the ions with experimental obser-

vations in a train-test-split setting. Regarding fragmentation spectra, more than 90% and 63% of precursors in the test set of the 

Orbitrap and timsTOF setup, respectively, had a Pearson correlation coefficient of at least 90% for the correlation of predicted 

and experimental fragment intensities. Likewise, predictions of retention times and collisional cross-sections were close to true 

values, with regressions between experimental and predicted yielding R 2 values between 0.98 and 0.99.

Both the experimental and predicted libraries contained precursors and fragment ions not observable in donor samples which 

were unfractionated and undepleted. The large library size, in particular due to the prediction, slowed the search, making the pro-

cessing of large cohorts time-consuming. Thus, a subset of the timsTOF discovery cohort comprising the first five 96-well plates 

was searched against the combined experimental and predicted library using the DIA-NN software version 1.8.1, thereby generating 

a pruned library of observable ions. The same approach was applied to the Orbitrap setup, however, using all pilot cohort samples, 

which likewise numbered around 500. The libraries of observed ions for these two analytical setups, Orbitrap and timsTOF, overlap-

ped but also had unique ions. This may reflect a mixed effect of distinct separations of peptides between the analytical setups as well 

as stochasticity in DDA sampling, which can only be partially compensated by prediction due to FDR constraints associated with 

large predicted libraries. Thus, we computationally merged the two observed libraries to yield a final combined library. For that pur-

pose, we used AlphaPeptDeep’s transfer learning functionalities to predict ion mobilities for Orbitrap setup-specific ions. The ion 

mobilities of the timsTOF setup library were used as training data. The retention times (RT) were aligned into a uniform normalized 

RT space by ’Locally Estimated Scatterplot Smoothing’ (LOESS) regression. DIA-NN can handle this abstract RT space in the library 

by aligning it to the gradient encountered in raw files based on a temporary first search.

The Astral library was generated by AlphaPeptDeep. 37 Fragment spectra were predicted by end-to-end transfer learning, as 

recently described for the combination with AlphaDIA. 123 The training data consisted of six replicates of a HeLa cell lysate tryptic 

digest measured on the Astral for routine quality control of instrument performance with a 21min gradient. These data were split 

into 70%, 20%, and 10% for training, validation, and test set because early stopping and dynamic learning rate scheduling was 

used. Predictions correlated strongly (R 2 ∼0.98) with experimental values. This yielded a generic Astral-tuned fragment prediction 

model for multi-purpose use in the laboratory, e.g. even across species. For this study, the model was used to predict the top 16 

most abundant fragments of the human UniProt proteome comprising canonical and isoform SwissProt entries.

To provide refined library retention times that matched those in the CSF cohort samples with a 11.5-minute gradient, transfer 

learning was again employed. Training data could be derived from the CSF cohort sample raw files themselves, removing the 

need to measure any samples specifically for this library. To wit, the cohort samples were searched by DIA-NN using our above 

merged CSF library with normalized RT space. The results from this search contained about 20000 precursors with RTs in the desired 

11.5-minute gradient. The RT was normalized to range zero to one while preserving the peptide order, and was split into 80% training 

and 20% testing data. AlphaPeptDeep’s retrained RT model yielded high correlation (R 2 > 0.99) in the test set, and was applied to the 

human proteome.
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Processing of discovery proteomics raw data

DIA raw files of CSF cohort samples were processed with DIA-NN version 1.8.1. 108 Orbitrap and timsTOF raw files were separately 

searched against the merged library using the GUI version of DIA-NN. Astral raw files were searched against the Astral-specific pre-

dicted library using the command-line version of DIA-NN on a linux cluster to speed up the search. Uniform mass accuracy and scan 

window cutoffs to all raw files were applied within each search. To derive these values, one sample plate per experimental setup was 

searched with ‘Unrelated runs’ enabled and we calculated the cross-sample median of the values that DIA-NN recommends. For the 

timsTOF setup, these corresponded to 13 ppm MS1 accuracy (‘mass’ in DIA-NN), 14 ppm MS2 accuracy, and 8 as scan window 

parameter. For the Astral setup, values were 4ppm, 8ppm, and 6, respectively. To process entire cohorts, ‘Unrelated Runs’ was 

disabled, but the options ‘match between runs’, ‘heuristic protein inference’, and the ‘no shared spectra’ function were enabled. 

Protein inference was set to isoform IDs, neural network classifier to single-pass mode, quantification strategy to robust LC (high 

precision), and cross-run normalization to RT-dependent. We used DIA-NN’s main report.tsv file of the second pass, which contains 

ion-level quantities. For Orbitrap and timsTOF setup, ions were filtered for a library protein group q value (Lib.PG.Q.Value) below 1% 

because DIA-NN’s ‘match between runs’ had been applied in the library generation procedure of the ‘merged library’, see above. For 

the Astral setup where this was not the case, the ions were filtered according to the global protein group q value (Global.PG.Q.Value) 

below 1%, DIA-NN’s standard recommendation. To infer protein quantities, we used the directLFQ package v. 0.2.9 with default set-

tings and the ‘input_type_to_use’ switch set to ‘diann_precursor_ms1_and_ms2’. directLFQ performs protein quantity estimation to 

aggregate the filtered precursor-level quantities into protein quantities and additionally normalizes proteomes between samples. 49 

Following the standard procedure in mass spectrometry proteomics, normalization aims to report as little protein regulation for as 

many proteins as possible, a parsimonious explanation of apparent differences. To achieve this, the intensities of all proteins in a 

given sample are together shifted up or down, preserving intra-sample protein order, to overall best match other samples. This effec-

tively addresses technical variability that affects all proteins of a sample, for instance loading differential sample amounts or drifts in 

analytical sensitivity. The Astral discovery and replication cohort raw files were separately processed by DIA-NN and directLFQ. This 

was the main approach and served maximum independence for identification and quantification of the MS biomarkers across both 

cohorts. For two of the 29 markers, MBP and ACTG1, protein grouping was slightly different in the replication cohort. Protein-specific 

peptides were identified, but not the identical set of isoform-specific ones - in the discovery cohort, these also originated only from on 

a subset of samples. In these two cases, protein groups were manually mapped. However, prediction of MS disease course types 

was based on the entire proteome. Application of its discovery cohort-trained model to the replication cohort required uniform protein 

grouping across thousands of proteins. Thus, for this specific analysis both cohorts were again processed together. All three data-

sets were deposited to the PRIDE repository.

Heavy Isotope-labeled peptides for targeted mass spectrometry

Based on Astral discovery cohort proteomic data 29 biomarker candidate proteins to target were selected. Thus, peptide-level Astral 

data were queried to select peptide targets. To wit, up to 15 peptides were selected per protein, prioritizing peptides with lower work-

flow coefficients of variation and less than 20 amino acids for easier synthesis. For several proteins, only one to five peptides were 

identified in the Astral data, including CD7, CD27, SDC1, MBP, CTSW, HAMP, and SPP1. For these, additional undetected proteo-

typic tryptic peptides were determined based on the human UniProt proteome and included, typically one to three per protein. A total 

of about 300 heavy isotope-labeled peptides were custom synthesized by JPT Peptide Technologies (Berlin, Germany). Peptides 

were supplied as lyophilizate in pools of 31 peptides, with ten aliquots per pool and 0.7nmol per peptide and aliquot, a format 

JPT Technologies terms ‘SpikeMix labeled (L)’. Four peptides were 21-25 amino acids long, synthesized in the ‘MaxiSpikeTides 

labeled (L)’ format, and supplied as individual lyophilizates. Predominantly, the C-terminal lysine or arginine were 13 C and 15 N 

isotope-labeled, corresponding to mass shifts of 8 and 10 Daltons, respectively. In four peptides with a single miscleavage, an inter-

nal lysine or arginine were labeled. Similarly, six peptides derived from a protein C-terminus and were labeled at an internal leucine, 

conferring a mass shift of 7 Daltons. Cysteines were carbamidomethylated, equivalent to CSF peptides after sample preparation. The 

full table of isotope-labeled spike-in peptides is provided on the PRIDE proteomic data repository. Peptides were resuspended in 

50% acetonitrile and 0.1% formic acid to create 5μM stock solutions. For measurement of cohort samples, 20fm of each heavy 

spike-in peptide were loaded in 20μl of 1.5% acetonitrile and 0.1% formic acid solution containing 1nM per peptide.

Spectral library for targeted mass spectrometry

To guide targeted assay development and peak identification later in the cohort samples, a spectral library specific to the peptide 

targets was recorded on the Astral. For that purpose, 40fm of heavy spike-in in 200ng of CSF peptides were measured in data-in-

dependent acquisition mode. To provide deep identification of heavy (spike-in) and light (endogenous) peptides, we measured 

four 200 m/z slices from 300 to 1100 m/z in a gas phase fractionation approach. This was combined with a FAIMS compensation 

voltage sweep in steps of 5V from -25V to -65V. Raw files were searched by DIA-NN, with isotope labels set as variable or fixed mod-

ifications in separate searches to avoid inflating the search space, the resulting speclib files and ion reports were loaded into Skyline 

daily (24.1.1.398) for library creation. Data and more details are provided on the PRIDE repository.
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Targeted mass spectrometry assay and cohort measurement

A targeted assay was built on the Stellar mass spectrometer (Thermo). For chromatography, we used the EvoSep One, an 8cm ion 

opticks column, and a 21-minute gradient, corresponding to a throughput of 60SPD. The Stellar was operated in parallel reaction 

monitoring (PRM) mode, selecting light (endogenous) and heavy (spike-in) precursor peptides according to a pre-defined precursor 

table for fragmentation and MS2 or MS3 spectrum measurement. Abundance of endogenous CSF peptides was quantified as ratio to 

the 20fm of heavy spike-in peptide based on peak area integration in the Skyline software. RT windows for targeting were typically 

1.5-3 minutes long and adjusted by the Stellar’s adaptive RT scheduling function based on a survey scan series of covering the 400-

1000m/z range in twelve 50 m/z windows in each targeting cycle. The cycle time was set to 1 second, and the maximum injection time 

mode to dynamic. The MS2 scan rate was set to 125, the MS3 scan rate to 67 kDa/s. The FAIMS compensation voltages were opti-

mized by two sweeps, first with 5V steps and subsequently with 1V steps around the initial optimum, repeatedly measuring CSF 

pooled from an entire sample plate and heavy spike-ins added. The PRM conductor plug-in in the Skyline software suite was 

used to distribute the initially about 300 targets across multiple assay variants optimally according to their retention times. Data 

were loaded into Skyline for manual evaluation, selecting peptide targets for a given protein, suitable fragment ions, and optimal com-

pensations voltages. Targets with low or noisy signals of endogenous peptides were iteratively excluded. Likewise, targets lacking a 

clear spike-in signal were removed in rare cases. From about one hundred pre-filtered targets, an assay covering all 29 proteins by 

1-3 peptides to a total of 42 peptides in a single measurement was constructed. Selection was based on the signals of endogenous 

peptides, giving priority to the best peptide(s) of low abundant proteins. Peptides for more abundant proteins were chosen depen-

dently to reduce RT overlap across the gradient, typically having multiple peptides per protein as options. To boost the signal of low 

abundant targets, the collision type, i.e. CID or HCD, and the associated collision energy were optimized. For 20 of the 42 peptides, in 

particular low abundant ones, a MS3 assay was developed to remove interference or improve the signal to noise ratio. Typically, 2-4 

MS2 fragments were selected for MS3 fragmentation, guided by MS2 fragment abundance, charge, and length, as well as empirical 

testing of different MS2 fragments. The Stellar targeting method, the full precursor table, the table of fragments used for quantification 

in Skyline, and the cohort raw files were deposited to the PRIDE repository. After cohort measurement, peptides were filtered based 

on CVs in the discovery cohort. Specifically, peptides were removed if their workflow CV for MS pool samples was higher than 50% or 

if the biological effect across CSF donor samples, calculated as CV, was not at least twice the workflow CV. Additionally, only the best 

peptide per protein was kept, pruning the marker list to 22 peptides and proteins. The Astral marker set contained the SPP1 isoforms 

three and five in separate protein groups, namely P10451-3 and P10451-5. The final 22 peptides included one peptide specific to 

isoform five, QNLLAPQTLPSK, as well as a protein-specific peptide shared by all SPP1 isoforms, ISHELDSASSEVN.

QUANTIFICATION AND STATISTICAL ANALYSIS

Bioinformatic analysis

Data were generally analyzed in Python (version 3.10.09) using numpy (version 1.23.5), pandas (1.5.2), sci-kit-learn (1.2.1), and 

scanpy (1.9.3) unless stated otherwise. Protein level quantities as calculated by directLFQ were loaded and log2-transformed for 

further analysis except for coefficient of variation analysis. In the timsTOF dataset, the fourteen samples with less than 500 quantified 

proteins were excluded. There was no clear disease or other pattern across these samples. Additionally, another fourteen samples 

with hemorrhagic stroke were removed from further biological analyses, leaving 164 ischemic stroke samples in the dataset. In the 

Astral dataset, one sample with less than 1000 quantified proteins was excluded. Six MS samples with unknown disease courses 

were excluded from MS disease course-related analyses. For calculation of Pearson correlation for clinical measures of QAlb and 

total protein content in linear space, three outliers with a very high QAlb greater than 150 were excluded.

For most analyses, missing protein quantities were not imputed, and calculations were based on present quantities. For calculation 

of covariate effect on the CSF proteome by principal component analysis, which requires complete data, proteins were filtered for 

present quantifications across at least 75% of samples, corrected for sample plate batches, and missing values were imputed ac-

cording to the five K-nearest neighbors (scikit-learn). Explained variabilities by covariates were calculated by integrating the R 2 of the 

linear regressions between covariates and projections of samples in the top 20 principal components. The R 2 of each component was 

weighed according to variability accounted for by the principal component.

Batch correction was done by a custom function shifting the means of batches onto the global mean and likewise scaling the stan-

dard deviation of a batch onto the global standard deviation. For biological analyses, the 96well plate was taken as batch. Hierarchi-

cal clustering was based on Pearson correlation as a distance metric and the average linkage mode.

Relevant statistical data, including for individual proteins, can be found in the supplemental tables associated with the respective 

figures. Descriptions of statistical tests and analyses are provided in individual sections below. Samples relate to CSF from different 

donors. Generally, all available samples were used. The above STAR Methods sections on study collectives give the numbers of sam-

ples across diagnosis groups and cohorts, after exclusion of samples, thus reflecting the number of samples used for analysis. 

Table S1 summarizes the sample numbers across all primary analyses and further breaks them down by oligoclonal band status 

which is relevant to the biomarker application case. Few proteins were observed across all samples in the discovery proteomics da-

tasets acquired by Astral and timsTOF platforms. Thus, the number of observations across the cohort is provided for each protein in 

Table S1, more specifically in the spreadsheets that also contain protein intensity values across samples. In bar plots and similar 

visualizations, center values represent the mean and error bars the standard deviation. Except for differential abundance analysis,

ll
OPEN ACCESS

Cell 189, 2128–2147.e1–e12, April 2, 2026 e8

Resource



which is further discussed below, all other analyses were descriptive (e.g., PCA, variance decomposition), correlation-based, or ma-

chine-learning-based, and therefore did not require formal testing of statistical assumptions related to normality or variance 

homogeneity.

Differential abundance analysis

For all differential abundance analyses in this paper, proteins with observations in less than 20% of samples were removed. For 

completeness, we provide both the results for this filtered protein set and an additional table with results for all proteins in the 

Table S2. Samples with missing QAlb values and strong erythrocyte contamination (labeled ++, +++, or ‘‘bloody’’) were removed 

from the analyses. The analyses were performed on log2-transformed data using the R package limma (limma version 3.50.0, 113 

R version 4.3.0). Empirical Bayes moderation of the standard errors was applied as per the limma framework to improve variance 

estimation. Adjustment for multiple testing was applied using Benjamini-Hochberg correction, with a significance level defined at 

FDR < 0.05.

No formal tests were performed to assess whether the data met the assumptions of limma’s linear modeling framework. However, 

the use of binary diagnosis group indicators and log₂-transformed continuous variables was considered appropriate for the linear 

model. This transformation mitigated the right-skewed distributions of proteins and covariates and was expected to support approx-

imate normality of model residuals. Limma does not require normality of raw data and is robust to moderate deviations from 

normality. Heterogeneity of variance across proteins was addressed by empirical Bayes moderation, stabilizing variance estimates 

and improving the reliability of statistical inference in high-dimensional settings. This moderation benefitted from the large number of 

both samples and proteins in our dataset.

The primary differential abundance analyses presented in the paper’s main figures include age, sex, status of erythrocyte presence 

(0 for ‘‘no presence’’ or +, ++, +++, ‘bloody’ for ‘‘presence’’), difference to age-adjusted QAlb, and 96-well plate as covariates, along-

side the diagnosis groups. This equally applies to ancillary analyses in the supplement unless stated otherwise. One such supportive 

analysis in Figures S2N–S2Q additionally included CSF leukocyte count as covariate. Leukocyte count was excluded from the pri-

mary analyses because elevated values are inherently tied to certain diseases, resulting in redundancy for the regression model. 

Except for age, numeric clinical covariates were log₂-transformed to reduce right-skewness and to align with the log₂-transformed 

protein intensities. Because some samples had a CSF leukocyte count of zero, one was added to all leukocyte count values prior to 

log₂ transformation.

Generally, we used patient and clinical CSF parameters as covariates separate to the diagnosis group status, correcting for co-

variate influence through the linear regression, in a single global regression model that covered all diagnoses. In supportive analyses, 

we studied potential limits of this approach. To explore potential disease-specific covariate effects, covariates effects were fitted 

separately in each diagnosis group and subsequently correlated to one another or to the results from the standard model across 

diagnosis groups, see Figures S2P–S2R. Accordingly, these individual regression models included all of the above covariates but 

did not contain a diagnosis group variable. In a related analysis that focused on age, we reverted to the global regression model 

covering all diagnosis groups but this time enabled interaction terms between the diagnosis group and age and sex, see 

Figure S3A. In an additional supportive analysis, we explored determining healthy aging and sex effects and correcting for these ef-

fects in disease samples to permit a refined analysis of disease effects. This followed a two-step approach: Initially, a first regression 

model was fitted within the neurological control group to estimate the effects of age and sex, which were then subtracted from the 

global protein measurements to adjust for these covariates. Subsequently, a second regression model was applied to the adjusted 

data across all diseases, which included the same set of covariates as in our standard regression model above, except for age and 

sex which had been corrected for. To contextualize this two-step approach, we compared the resulting disease effects to those dis-

ease effects from the standard regression analysis, see Figure S3B. To investigate pitfalls of this correction strategy itself, we 

analyzed the consistency of aging effects across age segments. This is because correction based on linear regression can lead 

to artefacts, if effects are far from linear, in particular when extrapolating from the age range observed in samples for fitting, i.e. con-

trols, to a different age range observed in the target samples such as disease samples. For that purpose, we divided the controls into 

age four quantiles, fitted separate models within each quantile, and analyzed the correlation of age effect estimates across these 

quartiles, see Figure S3C.

Beyond the above control analyses on how to best integrate covariates, we focused on disease effects obtained from regression 

analyses. In an initial survey analysis, broader diagnosis groups like multiple sclerosis or other autoimmunity were used as conditions. 

Analyses involving specific subgroups thereof, such as progressive or relapsing MS, or other forms of other CNS and PNS autoim-

munity, were performed in separate regression models, keeping the same model parameters, including the above-described cova-

riates. Additionally, for MS, we determined the set of proteins that are significantly regulated (p. adj. < 5%) in all comparisons with 

other individual diagnosis groups, see Figures 3C–3E. For application of that significance filter, the broad group of other autoimmune 

conditions was used. For the retained proteins, the fold changes between MS and specific other autoimmune conditions are addi-

tionally shown in the heatmap.

Protein annotation and enrichment analysis

Proteins were annotated with gene ontology (GO) terms for biological process, cellular compartment, molecular function, as well as 

UniProt annotations for Keywords, protein family, glycosylation, and presence of transmembrane domains, all downloaded from

ll
OPEN ACCESS

e9 Cell 189, 2128–2147.e1–e12, April 2, 2026

Resource



UniProt in February 2023. Annotation of cell type origin of CSF proteins was derived from cell type proteomes from two literature 

datasets on brain cell types and immune cells. 53,54 Regarding the brain cell type dataset, only the most adult/longest cultured con-

dition per cell type was included. Similarly, erythrocytes and thrombocytes from the immune cell dataset were excluded as they had 

substantially fewer identified proteins. Proteins were then filtered for at least 70% of quantifications in at least one cell type within 

datasets, and remaining missing values were imputed by a downshifted distribution using default parameters in the Perseus soft-

ware. 111 Proteins with ANOVA-significant abundance across cell type (q < 5%, s0 = 0.1) were kept and normalized by subtracting 

the median intensity across samples. Proteins were clustered according to Pearson correlation, and protein clusters were annotated 

for cell types if there were clear trends. These cell type associations were matched to CSF proteins based on gene names for anno-

tation enrichment.

Analysis of annotation enrichment on continuous scales was performed using the 1D annotation enrichment method built into 

Perseus. 111,112 This was applied to the continuous scales of regression estimators for diagnoses and covariates, as well as the aggre-

gate SHAP values of proteins. Annotation enrichment based on dichotomic association, e.g., with the set of top 250 drivers of the 

diagnosis classification model, was done with Fisher’s Exact test.

Machine learning-based sample classification and model explanation

Machine learning classification of CSF samples was performed in Python (version 3.9.13) with the classifier XGBoost (version 1.7.1), 

which was compatible with missing values in the protein matrix and thus did not require imputation or filtering to proteins quantified in 

all samples. 109 Classification based on the entire proteome was performed for multiple applications. This included a multi-class 

model surveying all CNS conditions of the full discovery cohort and binary prediction of MS vs. neurological controls to determine 

pseudo-times, both based on timsTOF data. For the classification of progressive and relapsing MS disease courses, Astral data 

were used. Protein quantities, the sample plate batch, and the clinical covariates age, sex, QAlb, QIgG, and leukocyte counts in 

the CSF were used as features. Omitting the batch information or using batch-corrected data did not materially alter the performance, 

and the batch itself never presented as top feature when included. Following a cross-validation design, test-train-splitting with 5 

splits was repeated 50 times. Dataset splitting was the first step of machine learning. The splits were stratified for class frequency 

using scikit learn’s RepeatedStratifiedKFold function. The random state was set to 42. To address class imbalance when classifying 

two classes with discrepant sample numbers, the minority class was weighed more strongly by setting the balanced_weights param-

eter to True and tuning the scale_pos_weight parameter. That parameter was set to 0.2 and 0.02 to classify MS vs neurological con-

trols and RRMS vs PMS, respectively. Multi-class prediction was not compatible with class balancing.

Regarding MS disease course types, 91 PPMS and 51 SPMS samples in the discovery cohort were pooled as PMS due to the low 

sample number reflecting their lower natural frequency compared to RRMS, of which there were 836 in the Astral dataset. Since the 

PMS and RRMS inherently differ in age and leukocyte count, we performed a control analysis on a stratified subset to exclude arte-

factual protein associations that reflected these covariates rather than disease course-specific effects. For that purpose, we down-

sampled the RRMS type to 300 samples to match the age and leukocyte count distributions of the PMS samples. The downsampling 

was implemented by modeling a multivariate normal distribution for PMS samples and drawing 300 random datapoints from it. For 

each PMS data point, the closest existing RRMS sample in the multivariate space was identified, selected for the stratified subset, 

and excluded from repeated selection. To enable harmonic integration of both age and log2-transformed leukocyte counts, these 

dimensions were Z-scored, and the Euclidian L1 distance was taken as a metric. For application to the replication cohort, two models 

were trained on the discovery cohort samples, once on the entire set and once on the stratified subset.

To explain the machine learning models, SHAP values were calculated with the shap package (0.42.1) for each combination of 

feature (protein), donor CSF sample, cross-validation repeat, and in case of multi-class prediction, also a class representing disease 

to predict for or against it. 110 Thus, positive SHAP values indicate that a protein predicts for a given disease in a given sample, for 

instance if the protein’s abundance is high in that sample. Conversely, a negative SHAP values indicates that the protein predicts 

against that disease, for instance if the protein’s abundance is low in another sample. Beeswarm plots showing the relationship be-

tween protein intensity and SHAP value of the top 20 features across samples were directly generated by the shap package.

To aggregate the SHAP information within proteins, the mean absolute value across cross-validation repeats and then samples 

was calculated. To add directionality information, we mean-averaged values across cross-validation repeats first and then calculated 

the two mean SHAP values across samples with a high and low value of the original protein intensity, using the top and bottom third 

quantile of samples by intensity, respectively. Samples without protein quantity were excluded for the directionality determination. If 

a SHAP mean was higher in samples with high protein abundance, the directionality sign was positive, meaning that high protein 

abundance predicts for the disease. Conversely, the directionality sign was negative if the SHAP mean was higher in samples 

with low protein abundance. For principal component analysis, the SHAP matrix was flattened by combining class and feature, 

and missing SHAP values reflective of no importance were imputed with 0.

Analysis of biomarkers separating MS from other CNS inflammation

Classification followed the survey multi-class machine learning analysis with adaptations. To generate a biomarker panel that does 

not require measurements from existing markers, only age and sex were included as covariates alongside the proteome. Similarly, 

the sample plate was not included as batch information, because application in clinical routine would not permit this, instead
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necessitating biomarkers with strong biological effects that supersede potential batch effects. Likewise, this was reflected in our 

replication cohort, having a different batch status not available to classifier training in our discovery cohort.

Feature selection in the Astral discovery cohort followed a nested cross-validation design. Both outer and inner set used 5-fold 

test-train-splitting, the outer one was repeated 10 times. Feature selection was performed separately in each inner set to avoid 

test-train leakage between inner and outer sets. An initial model was trained and features ranked according to the mean absolute 

SHAP value, pruning the data to 100 features in a computationally efficient manner. Further selection was based on recursive elim-

ination in steps of five, using the scikit-learn package. At each iteration, ROC AUCs were calculated for the identification of MS vs all 

other diseases based on the probabilities of the multi-class model. Based on saturation of classification performance in the inner set 

and compatibility with a downstream targeted mass spectrometry assay, 30 features were chosen for further analysis. Model per-

formance was further characterized with regards to which diseases were hard to separate from each other. For that purpose, the 

ROC AUC for each disease ‘A’ was determined in the outer test set, once in the entire test set and additionally in all pair-wise subsets 

of the disease of interest ‘A’ and a second other disease ‘B’. In the multi-class classification, wrong predictions also include other 

diseases (C etc.). Thus, unlike binary classification, the ROC AUCs for disease A and B are independent and a given ROC AUC 

for disease A does not determine the ROC AUC for disease B in the cohort subset containing only the true cases of A and true 

cases of B.

The performance of the proteomic model was compared to a control model of clinical markers in a side-by-side fashion on identical 

outer test sets. OCB status was the only accepted CSF biomarker for MS, meaning included in the McDonald criteria. Other routine 

CSF parameters that guide clinical decisions like QAlb, QIgG, and leukocyte count, as well as the generally available age and sex, 

were additionally included for a high comparative strictness. Kappa free light chain information was not available, but literature data 

indicated performance equal to the included OCB status, making omission not a problem. The discovery cohort, but not the repli-

cation cohort, contained samples lacking OCB status information. As these were selectively non-MS samples, a classifier would 

have learnt and applied the artefactual association that absence of OCB testing excluded MS. To avoid that, we excluded these sam-

ples from the control model of established markers. Consequentially, these samples were always part of the inner training data for the 

proteomic model, ensuring that the outer testing set remained identical for proteomic and control model, yielding paired ROC AUCs 

for both models. Each cross-validation repeat yielded such a pair. Thus, a paired two-sided t-test was used for statistical analysis in 

the discovery cohort. As metrics of the individual models, the mean and standard deviation of ROC AUC values across cross-vali-

dation repeats were calculated and plotted in the bar plots.

For application to the replication cohort, both a final proteomic and a final control model were trained on the discovery cohort. For 

each model, this yielded a single prediction in the replication cohort. To estimate the ROC AUC spread from such a single prediction, 

1000 bootstraps were drawn using the scikit-learn resample function. Each bootstrap yielded ROC AUC values for both models, 

again in a paired setting. Significance between models was estimated by a two-sided empirical p-value approach, counting the frac-

tion of bootstraps with ROC AUC differences below or above zero and doubling the smaller of the two values. Similar to before, the 

mean and standard deviation of ROC AUCs across bootstraps were calculated as metrics of individual model performance. These 

ROC data are provided in Table S7.

For the biomarker panel application here, the calculation of SHAP values was simplified. Instead of aggregating SHAP values 

across cross-validation splits, the SHAP values were obtained from the above final model trained on the entire discovery cohort 

and applied to the replication cohort. As this happened after feature selection, it provided a homogenous SHAP dataset that included 

all biomarker panel proteins. This circumvented challenges with integrating SHAP values across cross-validation splits that could 

have different protein sets after feature selection.

Targeted assay data was analyzed equivalently, both with regards to SHAP value calculation and model performance comparison. 

However, it was further simplified as we did not use machine-learning based feature selection.

Sample pseudo-times and protein trajectories

Protein trajectories were derived by placing CSF samples on pseudo-times between two states. These pseudo-times resulted from 

the supervised classification of MS vs neurological controls as well as PMS vs RRMS, once for the entire dataset and once for the 

subset stratified for age and leukocyte count. Pseudo-times were calculated as the SHAP value sum of all features (proteins) within 

one sample. Regarding directionality, positive values predicted for MS and PMS, respectively. Trajectories along the pseudo-times 

were calculated both for the intensity of quantified proteins and the local detection frequency of proteins using the dataset corrected 

for sample plate batches. For intensity trajectories, the proteins were filtered for at least 20% quantifications in the dataset to remove 

noise. Similarly, for detection trajectories, proteins had to have quantifications between 5% and 95% of samples. The local detection 

rate was calculated as fraction of quantifications in a 30-sample window sliding along the pseudo-time. Thus, the window size was 

much smaller than the datasets of 1935 samples (MS vs. neurological controls, timsTOF data), 978 or 442 samples (PMS vs RRMS, 

Astral data, full set or RMS-down sampled). LOESS regression from the statsmodels package (v0.13.5) was used to fit the trajectories 

with a fraction parameter of 0.3 to the data point cloud of protein intensities or local detection rates along the pseudo-time. The tra-

jectories were prioritized based on the explained variance and linearity. The explained variance (r 2 ) of the fit was calculated according 

to the summed square method using the real datapoints and prediction by the curve fit. The linearity was calculated as the Pearson 

coefficient between the trajectory and the pseudo-time to exclude non-monotonous trajectories. For clarity, PMS-associated trajec-

tories had a positive Pearson coefficient, RRMS-associated ones had a negative Pearson coefficient because the RRMS cases
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predominated at negative pseudo-times and PMS cases at positive pseudo-times. To cluster the trajectories, Z-scoring was applied 

within trajectories and trajectories with an r 2 of 0.05 or less were excluded. Hierarchical clustering was based on Pearson coefficients 

and average linkage. To analyze concordance between the full dataset and the stratified subset regarding RRMS vs PMS trajectories, 

proteins were additionally filtered for an absolute Pearson coefficient of 0.8 or higher in both datasets. To identify immune cell type 

sources of secreted proteins, proteins with PMS-associated trajectories in both dataset variants were mapped to a literature dataset 

on immune cell types. 53

ADDITIONAL RESOURCES

This study has not generated or contributed to a new website/forum and it is not part of a clinical trial.
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Supplemental figures

Figure S1. Workflow development and robustness, related to Figure 1

(A) Optimization of sample denaturation and peptide clean-up. The number of identified protein groups depends on the inclusion of sodium deoxycholate (SDC) in 

the solution added to CSF and on the inclusion of a styroldivinylbenzol-reversed-phase sulfonate (SDB-RPS) resin-based peptide clean-up in the StageTip 

format. Data acquisition by ‘‘high-speed’’ dia-PASEF method from the original paper or method with windows optimized by the Py-diAID package. Measure-

ment on the timsTOF Pro 2 instrument with the Evosep One 21-min gradient and an 8-cm PepSep column. Ion mobility covered 0.6–1.6 V⋅s⋅cm − 2 . Peptide amount 

loaded was 500 ng. Protein search in Spectronaut 15 using an experimental library from high-pH CSF fractions generated by Pulsar.

(legend continued on next page)
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(B) Optimization of the volume loaded of peptide solution from cohort CSF samples. Number of identified protein groups depending on the volume of peptide 

solution after SDB-RPS clean-up. 1 μL corresponds to about 100 ng of peptide. The 96-well plate 1 of the cross-sectional study was measured twice for each 

loaded volume. Data were acquired on the timsTOF Pro 2, with a final dia-PASEF method that was also used for cohort measurement.

(C) Optimization of the dia-PASEF method. Top: optimization of the ion mobility range. Number of identified protein groups depending on ion mobility covered by 

a variant of the high-speed dia-PASEF method described in the original paper. The DIA windows of the acquisition method were adjusted for their ion mobility 

boundaries (x) but kept equidistant in the m/z dimension. Peptide amount loaded was 400 ng. Search in library-free mode. Bottom: optimization of the number of 

scans per cycle. Each scan comprises two windows that together cover the entire ion mobility range from upper and lower end, see (E) for illustration. The number 

of scans was varied from 8 to 16 and resulting windows designed by the Py-diAID package to cover equal numbers of precursors based on data from the 

experimental high-pH fraction library. This library was also used for the spectral searches. All methods used an ion mobility range of 0.8–1.3 V⋅s⋅cm − 2 . The 

method with 10 scans corresponding to 20 windows was chosen as the final.

(D) Overall library generation scheme for processing the cohort, which was measured on the timsTOF Pro 2 platform. Step 1: generation of the final experimental 

library combining high-pH fractions, top14 plasma depletion kit, 24–96 high-pH fractions, DDA measurement, and MSFragger processing. Step 2: prediction of 

top 16 fragments for charge two to four precursors of tryptic peptides of the entire human genome. Transfer learning using the experimental library to predict 

retention time and ion mobility. Removal of entries contained in the experimental library. Software AlphaPeptDeep. Step 3: DIA-NN search of around 500 samples 

using both the experimental and predicted library, producing a library with ions actually observable in unfractionated CSF samples. Step 4: computational 

merging of observable libraries of the pilot and main study, both generated by steps one to three. Retention time alignment and ion mobility prediction by transfer 

learning in AlphaPeptDeep. Step 5: DIA-NN search to obtain protein quantities across the full set of samples, separately for the pilot and main study.

(E) Precursor distributions across libraries and the final dia-PASEF acquisition method. Top: final acquisition method package on top of the precursor distribution 

according to the experimental library, which guided design of the method. Bottom: precursor distribution in m/z dimension across libraries generated as part of 

the library generation workflow, as in (D). The distributions of precursors are color coded according to precursor charge. Vertical lines are the window boundaries 

of the acquisition method.

(F) Benchmarking of library complementation by prediction. Number of identified protein groups (y) depending on the number of fragments per precursor (x) in the 

predicted libraries (blue book icon), which was used in addition to the experimental libraries (brown icon). Results derived from DIA-NN searching the first 96-well 

plate of CSF samples from the timsTOF Pro 2 cohort measurement.

(G) Overlap and merging of observed libraries, corresponding to step 4 in the library generation scheme, see (D). Overlap of peptides and proteins between 

libraries of the main (‘‘M’’) study on the timsTOF Pro 2 and the pilot study (‘‘P’’) on Orbitrap platforms (Q Exactive HF-X, Exploris 480). Liquid chromatography 

gradients were 21 min (M) and 100 min (P). The combined observable library was constructed as the union of both above libraries. The retention time was 

harmonized by LOESS regression to a normalized range and ion mobility predicted for entries from the pilot observed library (STAR Methods).

(H) Overall benefit of library optimization in the final dataset of the main timsTOF Pro 2 study. Number of proteins per sample across the entire main study cohort of 

5,059 samples, depending on the library used.

(I) Mass spectrometry setup for the pilot and main study.

(J) Stability of chromatographic peak separation across the pilot and main study. Chromatographic performance as peak width in retention time averaged across 

peptides along the injection order, for the pilot study (left) and the main study (center). Datapoints are samples in order of mass spectrometric measurement, and 

liquid chromatography columns are color coded. Distribution of peak width values (right).

(K) Effect of chromatographic peak separation on protein identification across the pilot and main study.

(L) Detection of isoforms across the main study cohort (timsTOF Pro2) processed with the combined observed library, the final library, in DIA-NN. Correlation of 

protein group number (x) in thousands to gene number (y) across samples (left). Difference in protein and gene numbers reflects resolved isoforms that derive from 

the same gene. Distribution of resolved isoforms across samples (right).

(M) Distribution of protein identifications by the Orbitrap Astral across samples. Re-measurement with this mass spectrometer covered about 2,000 samples of 

the discovery cohort. The median is indicated by the vertical line.

(N) Identification boost by the Orbitrap Astral compared with the timsTOF Pro 2. Relative gain in number of proteins per sample (y) vs. number of proteins identified 

by the timsTOF platform (x). Datapoints are samples. Samples with few identifications benefit particularly from the Astral.

(O) Benchmarking of predicted libraries for analysis of the Orbitrap Astral data. Tukey’s boxplots show the distribution of identified proteins (x) depending on 

library (y). Libraries were predicted by AlphaPeptDeep. Samples of the first ten 96-well plates of the discovery cohort were included. The very top row shows 

timsTOF Pro 2-acquired data searched against the final library for this platform as a reference for comparison with the Astral data. The below rows show cor-

responding Astral data from the same samples, searched against various libraries: from top to bottom, this includes the experimental high-pH fraction library 

acquired on the timsTOF platform, the above final timsTOF library, an AlphaPeptDeep-predicted library in which fragment spectra prediction was based on HeLa 

training data acquired on the timsTOF platform, and a likewise predicted library in which training data were acquired on the Astral platform itself.

(P) Typical number of detected proteins in neat, non-fractionated and non-depleted, plasma and CSF across comparable literature studies. Datapoints are 

averages across samples within the individual studies, which we reference in our paper.

(Q) Abundance distribution of proteins in neat CSF and plasma. The data show that CSF has a more moderate protein intensity distribution than plasma, leading to 

less of a dynamic range challenge. Plasma data from Geyer et al. 43 Intensities normalized for visualization so that the most highly abundant proteins have equal 

intensity.

(R) Total protein in CSF across samples of our discovery cohort measured by nephelometry in the clinic

(S) Structure of dataset before batch correction. Contribution of technical batches, diagnosis group status and diagnosis-unspecific covariates to the first five 

principal components (top). Variance ratios for fraction of total variability explained by a given principal component (box on top) or variable (box on right side). 

Among technical batches, 96-well sample plate explains most variability, sample preparation accounts for substantial fraction of that variability between plates. 

Uniform manifold approximation and projection (UMAP) embedding for sample preparation batch and plate (bottom).

(T) Explained variability of biological variables before and after batch correction.

(U) Coefficients of variation (CVs) for proteomic measurements of non-MS quality control pool samples. Distributions of CVs depending on the sample preparation 

and measurement design (left). Preparation of samples on the same 96-well plate (intra-plate) or on different plates on different days over the course of sample 

preparation for the study (inter-plate). Measurement of CV samples along the study (A) or in block with one CV sample measured directly after another (B). Batch 

correction for CV samples with inter-plate preparation and measurement along the study. Correlation of CVs with protein abundance (right). Batch-corrected 

measurements along study of inter-plate prepared samples used. Data points as proteins, density maps modeled by gray lines. Blue dots represent median CVs 

and 95% confidence intervals thereof for bins of 200 proteins with binning according to protein abundance starting with highest abundance. Blue dot placed at 

the abundance center of the bin.
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Figure S2. Clinical CSF variables and their relation to differential abundance results, related to Figures 1 and 2

(A) Distribution of age for the diagnosis groups and sex in the full discovery cohort (left). Additionally, age (center) and sex (right) distributions are shown for MS and 

other DM autoimmunity not fulfilling the diagnostic criteria for MS before and after stratification. Before stratification means in the full discovery cohort, after 

means in the stratified subset of the discovery cohort. Note that stratification was primarily for inflammatory parameters.

(B) Distribution of the age-adjusted albumin ratio, leukocyte count in CSF, and immunoglobulin G ratio. Distributions for each covariate are shown across all 

diagnosis groups in the full discovery cohort (each left) and specifically for MS and non-MS DM AIM before and after stratification (each right), analogously to (A).

(C) Distribution of semi-quantitative erythrocyte abundance in CSF across samples. Number of samples (y) depending on erythrocyte abundance (x) category 

(left). Relative frequency of categories across diagnosis groups (right).

(D) Sample sizes for subgroups of non-MS autoimmune diseases (left) and stroke (right). Hemorrhagic stroke samples were excluded from analysis. AIM stands 

for autoimmunity, DM for demyelinating AIM not fulfilling MS diagnostic criteria, PNS for AIM of the peripheral nervous system with systemic or CNS involvement, 

and CNS for other AIM of the central nervous system.

(E) Pearson correlation of covariates across discovery cohort samples. Erythrocyte content was dichotomized into groups of none (0) and any content (+, ++, +++, 

bloody) for correlation. For numeric covariates, log 2 -transformed quantities were used.

(F) Variability explained by covariates and disease in the Held et al. 24 OLINK dataset.

(G) Fraction of CSF proteins that are also found in plasma. Fractions (y) are based on the number of proteins (i.e., counts, top) or based on the proteins’ intensities 

in CSF (bottom). Fractions are cumulated along protein abundance ranks from highest- to lowest-abundance CSF protein (x). CSF proteomes are from our 

timsTOF data. Two plasma proteome datasets were combined for deep coverage: Pernemalm et al. 124 used high-abundance protein depletion, whereas Geyer 

et al., 43 did not.

(H) Correlation of protein abundances between CSF (our data) and plasma. Plasma data from deep dataset without high-abundance protein depletion, see (G).

(I) Similarity between QAlb effects across donor CSF and the corresponding effects between neat plasma and CSF pooled from a few donors without brain-CSF-

barrier impairment. QAlb fold changes were from our multivariate regression model across CSF samples. Pearson correlation between these fold changes (y), 

depending on the maximum significance rank of proteins regarding the QAlb effect in the regression (x). QAlb effects across donor CSF correlate with differences 

between CSF and actual plasma. When only the most significant proteins in the regression are considered, this correlation is particularly high. Plasma-free CSF 

was CSF from donors with an intact blood-CSF barrier, as characterized by QAlb < 5. The plasma dataset without depletion from (G).

(J) Correlation of age-adjusted QAlb effects between OLINK and Astral data (left). Overall, effects are correlated. However, Astral fold changes are down-shifted 

below the dashed equality line (y = x), likely due to normalization to the entire proteome in mass spectrometry combined with a large influx of plasma proteins seen 

in QAlb. Volcano plot for amino acids (aa). QAlb associations in Astral data (right). Independent of technology, secreted neuronal proteins surprisingly have lower 

QAlb fold changes than unsecreted neuronal or astrocytic proteins. QAlb may correlate with inflammation, leading to the release of intracellular proteins that are 

normally not secreted, which causes this apparent pattern. Several unsecreted proteins were not contained in OLINK data, thus there are more labels in the Astral 

volcano plot.

(K) Correlation of all disease and covariate fold changes between standard and subset normalization. Regression fold changes were calculated on differentially 

normalized timsTOF data. Data were normalized by the DirectLFQ algorithm using the entire proteome in the standard approach. For the alternative subset 

normalization, proteins found to be not strongly affected by BCB impairment were used. This subset is derived from Aasebø et al. 51

(L) Correlation of protein abundance with QAlb across samples. Pearson coefficients were calculated using protein quantities from the Astral (x) or timsTOF 

(y) platform. The top two QAlb-correlating proteins, ITIH1 and C5, were selected as QAlb substitute metrics. Proteins included in our biomarker panel separating 

MS from other inflammatory conditions are shown in blue. Their location suggests that machine learning unbiasedly selected APOB and C4BPA as an informative 

feature capturing the individuals’ QAlb status.

(M) Benchmarking of pseudo-QAlb. One benchmarking metric is similarity of BCB-impairment effects to those obtained when using actual QAlb (top). Pearson 

correlation values between BCB-impairment effects fitted by original QAlb and corresponding effects when fitted by an individual protein-based pseudo-QAlb 

substitute (rows) across proteomic technologies (columns). BCB-impairment effects are regression estimators across all proteins in the proteome. A second 

benchmarking metric is the similarity of MS effects that are obtained in the above multivariate regressions when BCB-impairment effects are fitted using either the 

actual QAlb or a given pseudo-QAlb (bottom).

(N) Number of regulated proteins by variable in a multivariate regression model when including leukocyte count in addition to the other covariates. The label diags 

vs. ctrl. represents all proteins that are significantly differentially abundant in the comparison of any neurological condition to controls.

(O) Correlation of protein regulation across clinical covariates when including leukocyte count in addition to the other covariates.

(P) Correlation of the effect sizes in each covariate, for proteins that are significantly differentially abundant in each of the diagnosis groups separately, compared 

with the complete cohort when including leukocyte count in addition to the other covariates. Gray corresponds to NA when 4 or fewer proteins were significantly 

differentially abundant in the diagnosis group and no correlation could be computed. One outlier in the stroke group for the QAlb effect sizes was excluded.

(Q) Number of proteins that are used to compute correlations in (P).

(R) Correlation of age fold changes between the regression model in neurological controls only and the global regression model across all disease entities on 

proteins significant in at least one of the models.
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Figure S3. Relation of differential expression results across diagnosis groups, related to Figures 2 and 3

(A) Correlation of MS estimators between regression models with and without interaction terms. Datapoints are proteins. The color represents the fraction of 

samples with an observation of that given protein.

(B) Correlation of disease fold change estimators between global regression model variants that differentially integrate covariates. The standard global regression 

model (‘‘baseline’’) is computed on unprocessed data and integrates clinical parameters as model covariates. The alternative model does not include clinical 

parameters but is calculated on data corrected for covariate effects. This correction was done by fitting a helper regression model for these covariates in 

neurological controls and subtracting covariate effects from all disease entities accordingly. Both global regression models are calculated for samples from all 

disease entities.

(C) Correlation of estimators of age fold changes resulting from regression models in individual age quantiles of neurological controls. Proteins were included if 

they were significantly regulated by age in a regression model across all neurological controls. Age quantiles were 16–26, 27–35, 36–48, and 49–80 years.

(D) Protein regulation by clinical covariates for erythrocytes and leukocytes. Immunoglobulins are shown in red.

(E) Protein regulation by disease groups, each in comparison with neurological controls. Immunoglobulins are shown in red.

(F) Number of significant proteins for different numbers of sampled plates (left). Histogram of absolute effect sizes for these proteins (right).

(G) Effect sizes for all proteins in the diagnosis groups and covariates, including the leukocyte count in addition to the other covariates.

(H) Intersection of differentially abundant proteins in the diagnosis groups.

(I) Clusters of proteins specific to brain cell types. These clusters were used to analyze enrichment of these cell types in the CSF data.

(J) Clusters of proteins specific to blood immune cell types. These clusters were used to analyze enrichment of these cell types in the CSF data.

(K) Number of detected immunoglobulin proteins in the CSF.

(L) Number of observations across CSF samples of immunoglobulins.

(M) Overlap in measured proteins between the OLINK dataset and our timsTOF dataset.

(N) Correlation of MS estimators for shared proteins in the OLINK dataset and our timsTOF dataset. Proteins were included if they were significantly regulated in at

least one of the datasets. OLINK data from A ˚ kesson et al. 16
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Figure S4. Structure and function of features driving supervised classification of diagnosis groups, related to Figure 4

(A) Predicted (y) and true disease classes (x) in the analysis surveying diverse neurological diseases by a multi-class model. The number of predictions (y) is shown 

for each disease (color coded), either normalized to the maximum count across diseases (left) or within individual diseases (right). Prediction counts are from a 

confusion matrix but are shown in a bar plot for illustration.

(B) Partial separation of MS samples by principal component one of the SHAP values matrix (left). Similar partial separation by principal component two for 

disease groups broadly according to the level of inflammation and BCB impairment (right). Infection and neurological controls are well separated, with other less 

inflammatory diseases lying between them.

(C) Correlation of protein features across cross-validation repeats in the multi-class model with 50 repeats. Absolute Shapley values were mean-aggregated 

across samples in the cross-validation repeat for each protein feature and protein vectors were correlated.

(D) Information for classification provided by additional features based on their rank. Normalized cumulative distribution function of absolute SHAP values for the 

top N SHAP features across diagnosis groups (left). Extent of features being unique to or shared across classes, i.e., diagnosis groups, depending on the set size 

of features included. Top N features according to their SHAP value rank within a class were included as the set for that class. Curve for class overlap of 1 relates to 

features unique to one class and overlap of 2 to a feature present in the sets of two classes, etc. (right).

(E) Top ten predictive features across diseases in a multi-class model. For each feature, the information contributed to the model is shown by a distribution across 

samples. Samples are datapoints, the intensity of the protein is color coded, and its contribution is measured by SHAP values to the model, shown on the x axis. 

Positive SHAP values indicate prediction for the given disease class, and negative values indicate the prediction against it, all in the given sample.

(F) Protein cluster predicting for neoplasia. This cluster is a zoom-in from the global clustering of SHAP values in Figure 4F.

(G) Annotation enrichment in the SHAP value dimension for stroke (left), neoplasia (center), and neurodegenerative disease (right). Positive scores (x) reflect 

enrichment of terms among proteins predicting for the given disease, whereas negative scores conversely reflect enrichment among proteins predicting against 

that disease. Significance of enrichment is shown on the y axis.

(H) Distribution of covariates and proteome depth along the pseudo-time between neurological controls and MS. Proteome depth reflects the number of detected 

proteins. For numeric variables (leukocytes, age, and proteome depth), distributions are shown separately for MS (blue) and neurological controls (yellow).

(I) Profiles of selected outlier proteins along the pseudo-time between neurological controls and MS. Profiles reflect protein intensities (bottom) or local detection 

rates (top). Underlying distributions are shown separately for MS (blue) and neurological controls (yellow). The averaged profile is shown by a black line.
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Figure S5. Determination and characterization of an MS biomarker panel using Astral data, related to Figure 5

(A) Determination of the biomarker panel in the discovery cohort. ROC AUC for MS during feature selection in the discovery cohort (left). Location of the 29 

proteins in the biomarker panel (black dots) across the CSF protein abundance spectrum (blue dots).

(B) Coefficients of variation (CVs) for the 29 biomarker panel proteins. CVs covering the variability of the entire workflow are shown for MS and non-MS pools that 

were measured on each 96-well plate. These CVs are contrasted with the biological effect across donor CSF samples, which was calculated equivalently. To 

reflect clinical reality, proteomic data without batch correction were used for the calculation.

(C) Abundance correlation across samples for proteins in the biomarker panel.

(D) Effect sizes in the multivariate regression model for proteins in the biomarker panel. Effect sizes are fold differences between MS and other diseases and 

estimators for covariate effects.

(E) Performance results for a control analysis, where training data are limited to OCB-negative samples. A biomarker panel of 30 features was determined 

equivalently to our standard analysis in which training data cover samples of all OCB states. Performance shown in this control pertains to ROC AUCs in OCB-

negative samples. Note that the overall pattern in these samples is equivalent to our standard analysis, meaning that there is no particular benefit to limiting 

training to OCB-negative samples only. AUC for classifying MS when trained on OCB-negative samples only.
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Figure S6. Characterization of targeted assay for biomarkers separating MS from inflammatory conditions, related to Figure 6

(A) Properties of peptides of the biomarker panel proteins that were synthesized as heavy isotope-labeled spike-in standards. Properties are based on Astral DIA 

measurements. Per protein, up to 15 protein-specific peptides were selected, which was possible for most proteins (first from the left), yet especially proteins 

contributing strongly to machine learning had fewer peptides (second), which were also typically low abundance (sixth). Length (third) and modification status 

(fourth) of selected peptides were compatible with synthesis. For the selection of peptides, those with the lowest workflow CV in Astral data were prioritized (fifth).

(B) Dynamic range of light-to-heavy ratios across donor CSF samples. Distribution for peptides in the final panel of the targeted assay. Summary statistic for (C).

(C) Distribution of light (L) to heavy (H) ratios across donor CSF for peptides in the final panel of the targeted assay. Light refers to the endogenous peptide and 

heavy to the isotope-labeled spike-in. For heavy peptides, 20 fmol was loaded.

(D) Coefficient of variation (CV) for repeated injections of the same sample loaded on different Evotips. Distribution (left) and dependence on the light-to-heavy 

ratio (right).

(E) Comparison of quantification between Astral DIA data (x) and the targeted assay measured on the Stellar (y) for high-abundance proteins (IGHM) and low-

abundance proteins (CD7 and MMP9). In the Astral DIA data, there are missing values for proteins not observed in some samples. For visualization in this plot, 

these Astral quantities are imputed at a value of three and shown by a red cross. Calculation of the Pearson coefficient was based on the observed quantities only.

(F) CVs for the 22 final proteins included in the biomarker panel. Peptides are the same as in (C). The workflow CVs for both pooled MS and pooled non-MS 

samples are shown. Samples of these pools were measured across 96-well plates, along with donor CSF samples. To align with clinical requirements, quantities 

for CV calculation were not batch corrected. For comparison, the biological effect across donor CSF samples was calculated analogously to a CV.

(G) Distribution of CVs across the 22 final proteins in the discovery cohort (left). Signal-to-noise ratios calculated as the biological effect divided by the MS pool 

workflow CV (right).

(H) Performance comparison between the proteomic and the reference model, which uses current clinical markers. The ROC AUC (left) in the replication cohort is 

shown, within OCB-negative samples only (bottom) and across samples of all OCB states (top). One proteomic and one reference multi-class model were trained 

on the stratified subset of the discovery cohort and applied once to the replication cohort (STAR Methods). Subsets of the predictions were bootstrapped to 

calculate the standard deviations and the significance of performance differences between the proteomic and the reference models (right). Values are not 

identical across the diagonal because there are more than two outcomes in the multi-class model (STAR Methods). The vertical slices for MS correspond to the 

data shown in Figure 6A.

(I) Ten most influential features for the classification of the disease groups other than MS. Samples are datapoints; the intensity of the protein in the samples is 

color coded. The SHAP value is a metric for the contribution to decision-making by the model (x). Positive SHAP values mean that the protein predicts for that 

disease in the given sample, whereas negative values mean that the protein predicts against that disease.
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Figure S7. MS subtype stratification and comparison of classification and differential abundance results, related to Figure 7

(A) Sample counts for MS disease course types in the discovery and replication cohorts.

(B) Covariate distributions for MS subtypes in the complete dataset and the subset stratified for age and leukocyte count. Stratification was implemented by 

down-sampling RRMS to 300 samples.

(C) Protein regulation between RRMS and PPMS in our discovery cohort. Immunoglobulins are shown in red.

(D) Protein regulation between RRMS and SPMS in our discovery cohort. Immunoglobulins are shown in red.

(E) Enrichment of annotation terms in SHAP values predicting for PMS (positive score) or for RRMS (negative score). Selected terms of interest are grouped and 

color coded by common processes.

(F) Distribution of PMS and RRMS samples, covariates, and the number of identified proteins along the pseudo-time between RRMS (low time value) and PMS 

(high time value). Data for the analysis are based on the full discovery cohort (top) or the subset stratified for age and leukocyte count (bottom). RRMS samples are 

enriched at negative pseudo-times and PMS samples at positive pseudo-times. The distribution of numerical variables is shown by density maps separately for 

RRMS samples (orange) and PMS samples (blue).

(G) Intensity profiles of selected proteins along the pseudo-time. The intensity distribution is shown by density maps separately for RRMS samples (orange) and 

PMS samples (blue). The protein profile averaged across all samples is shown by a black line.

(H) Detection rate profiles of selected proteins, analogous to (G).

(I) Concordance of protein profiles between the full dataset (x) and the stratified subset (y). Protein profiles are based on intensity (blue) or local detection rate 

(yellow). Profiles were pre-filtered for linearity by excluding those that had an absolute Pearson correlation of less than 0.8 with the pseudo-time in one of the 

datasets. The sign of the Pearson correlation was kept to reflect the directionality of association. Positive values reflect profiles that increase toward PMS, 

whereas negative values reflect profiles that increase toward RRMS. Profiles were further ranked by the variability that they explained for their given protein, which

was quantified by the LOESS fit R 2 .

(J) Annotation term enrichment in protein profiles. Data points are enrichment terms. Enrichment is shown for the full discovery cohort (x) and the stratified subset 

(y). Enrichment of terms was calculated in the protein profile linearity dimension, which itself was quantified as the Pearson coefficient between the protein profile 

and pseudo-time.
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