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ABSTRACT: Multiple sclerosis (MS) is an autoimmune, neurodegenerative disease where the immune system damages myelin 
sheaths in the central nervous system. MS pathogenesis was attributed to auto-reactive T cells. However, recent studies suggest 
that B cells also play a vital role, including antibody-dependent and independent effects in compartmentalized inflammation. 
Clonotypes are groups of B cells with the same receptor. To explore the role of B cell clonotypes in MS pathogenesis, we 
conducted a meta-analysis of raw high-throughput sequencing data of the B cell repertoire of 82 subjects (48 MS patients and 34 
controls). A novel combination of density-based clustering (DBSCAN) and supervised ML (random forest) was applied to cluster 
clonotypes into unique clonotype groups (UCG), and their disease relevance was assessed. Random forest feature importances, 
Mann-Whitney tests, and empirical power estimation revealed six significant, potentially pathogenic UCGs. Additionally, tertiary 
analyses revealed genetic variability and clonal expansion as hallmarks of MS-associated B cells. Interestingly, new genomic motifs 
among our potentially pathogenic UCGs aligned with known IGHV4 family biases. Overall, the study highlights the utility of 
machine learning analysis in decoding immune repertoires and contributes to our understanding of B-cell involvement in MS 
pathogenesis, paving the way for future therapeutic exploration.  
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�   Introduction
Multiple sclerosis (MS) is a chronic, demyelinating disease 

affecting the body's central nervous system. Currently incur-
able, the estimate for global MS prevalence is around ~2.8 
million people.1 Symptoms include a lack of coordination, par-
tial or complete loss of vision, fatigue, trouble with memory, 
and more.2 While MS is a B- and T-cell-mediated disease, and 
B-cell-targeting therapies have demonstrated clinical success, 
specific pathogenic B-cell clonotypes and BCR sequence pat-
terns that drive disease pathogenesis remain underexplored in 
current research.3

B cells or lymphocytes are key cells of the adaptive immune 
system. Primary functions of B cells are antibody production, 
immunological memory, antigen presentation, and cytokine 
secretion. Antigen binding to B cell receptors (BCRs) and 
subsequent activation by helper T cells lead to B cells undergo-
ing clonal expansion, where they generate genetically identical 
clones. Clonotypes are groups of genetically identical B cells. 
B cells also offer antigen recognition diversity by undergo-
ing somatic hypermutation. The BCR is a ‘fingerprint’ for B 
cells, which provides representative information of the B cell 
for classification and genetic analyses. The V(D)J regions of 
the immunoglobulin gene shuffle to generate genetic diversity 
amongst the BCR.

In multiple sclerosis, research suggests autoantibodies tar-
geting self-antigens are contributors to MS pathogenesis;3 
however, it is unclear which B cells are associated with the dis-
ease. Anti-CD20 therapies have been proven effective in the 

treatment of multiple sclerosis,4 further rationalizing the addi-
tional exploration of B cells as drug targets.

Machine Learning (ML), which is a subset of artificial in-
telligence, excels at extracting features from high-dimensional 
BCR genetic data for clustering and identifying non-linear 
patterns indicative of pathogenicity that might be missed by 
conventional analyses. In this study, we performed an ML-driv-
en meta-analysis of the B cell receptor sequencing repertoire of 
MS patients and healthy controls (HCs) to identify potentially 
pathogenic B cells for therapeutic targets.

�   Methods
Figure 1 is a graphical representation of our methodology.
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Figure 1: Graphical representation of our methodology; chronology: left to 
right. Highlights steps for data processing, machine learning, statistics, and 
tertiary analyses. All formulae used are summarized here.
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Dataset & Data Selection:
A traditional limiting factor for RNA-seq meta-analysis 

studies of this type is the high cost and effort associated with 
large datasets;5 nevertheless, combining datasets of existing 
studies can eliminate this constraint. This study incorporates 
a dataset of MS patients larger than any prior study of this 
nature reviewed by us.

The meta-analysis is performed using diverse search crite-
ria on research databases (such as Google Scholar), including 
“BCR RNA-seq (MS/HC),” “Immunoglobulin RepSeq (MS/
HC),” “AIRR seq (MS/HC),” and “Effect of [MS immune 
drug] on BCR RNA-seq repertoire of MS patients.” Out of 
the 8 identified datasets, 2 were exclusively HC datasets,6,7 5 
were MS datasets,8–12 and 1 was mixed.13 A total of 82 subjects 
(48 MS patients and 34 HCs) were identified for processing.

Data Processing:
Vidjil is a platform for clonal analysis of lymphocyte 

high-throughput sequencing data of the immunoglobulin 
region. Downloaded FastQ files from the Sequence Read Ar-
chive were uploaded to the Vidjil web server for clonotype 
analysis. Resultant CSV files provided information regarding 
each clonotype’s member count (or ‘reads’) and the ratio be-
tween the clonotype’s reads in the patient and the total reads of 
all clonotypes in that patient. CSV files were merged, and un-
productive clonotypes (such as those with stop codons in the 
nucleotide junction) were filtered out. Irrelevant data columns 
were removed. For patients whose sequencing was performed 
across various samples, clonotype reads were summed across 
samples. A new source column was added to specify the pa-
tient of origin. Refer to the supplementary manuscript file 
under ‘S1’ for more details.

Clustering:
We identify thousands of clonotypes, although each clono-

type has low frequency counts (reads). This is because B cells 
undergo somatic hypermutation, where they rapidly mutate 
their DNA in an immune response. This creates a diverse 
repertoire of similar B cells but of distinct clonotypes. Con-
sequently, utilizing supervised ML classification on our raw 
clonotype data is ineffective, as each clonotype becomes a fea-
ture for the ML algorithm, and a large number of features with 
very low variance (most clonotypes have close to 0 reads) mas-
sively impacts model performance. Therefore, to counter the 
high-dimensional clonotype makeup, we cluster similar clono-
types into unique clonotype groups (UCGs); these UCGs are 
used downstream as our features for classification.

To cluster clonotypes into UCGs, we needed parameters 
to classify similar clonotypes. We formulate these conditions 
based on a letter in Leukemia and use them to develop a novel, 
custom distance function to compare the similarity between 
two clonotypes.14 The distances were integrated with densi-
ty-based clustering. Parameters for similarity are as follows: 
two clonotypes are in the same cluster when they have a 
minimum 80% identity in their CDR3 amino acid sequence, 
similar CDR3 nucleotide sequence (junction) lengths, and the 
same V gene. We calculated percent identity using the Needle-

man-Wunsch algorithm, implemented through the Biopython 
library in Python, to align the amino acid sequences. Then, we 
developed the distance function, which heavily penalizes the 
distance between clonotypes with a different V gene or with 
a difference in length of the AA sequence greater than 3. The 
combination of these three criteria provided a robust, novel 
metric to compute distances in “biological” space between two 
clonotypes.

We ran this algorithm on approximately 36 million clono-
type pairs [(~8000 × ~8000)÷2] to create a distance matrix. 
The matrix was a clonotype X clonotype file, providing a 
distance score for each comparison between 2 clonotypes. A 
distance of 0 means the clonotypes are identical; as the differ-
ence between the clonotypes increases, so does the distance. 
We used the DBSCAN clustering algorithm (an unsuper-
vised ML algorithm) to cluster similar clonotypes into UCGs. 
We use DBSCAN as it is density-based and is compatible 
with non-standard distance functions, while alternatives (like 
k-means and k-medians) might require incompatible metrics 
such as Euclidean distance. Additionally, DBSCAN does not 
require us to define the number of clusters beforehand.

The clustered UCGs were transformed into a patient X 
UCGs matrix. In each cell, the ratio of the UCG for that pa-
tient is calculated using this formula:

We use ratios instead of raw reads to normalize for poten-
tial study-based differences in sequence preparation (such as 
bulk versus single-cell sequencers or differing tissue origins). 
Further details for clustering parameters can be found in the 
supplementary manuscript file under ‘S2’ and ‘S3’.

Machine Learning to Identify Potentially Pathogenic UCGs:
We devise an ML classification approach to assign weights 

to our features (UCGs). We use supervised ML algorithms 
such as Support Vector Machine (SVM), Random Forest, De-
cision Tree, Logistic Regression, and LightGBM to classify 
between MS and HC. Supervised ML predicts labels pre-
defined by the user (in our case, MS and HC).15 A stratified 
train-test split was run with three-fold cross-validation to en-
sure robust and stable results during hyperparameter tuning 
and to account for class imbalance. We generate a detailed 
classification report with performance scores for each model. 
A confusion matrix is generated for the highest-performing 
model (Random Forest).

Feature importances from the best-performing model are 
extracted. Higher importances relative to the other features 
entail that the UCG was highly influential to the model’s 
classification decisions. The UCGs with the top 10 feature im-
portances were shortlisted for further analysis. Specifications 
for classification can be found in section ‘S4’ of the supplemen-
tary manuscript file.
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Equation 1: Abundance ratio formula.

ijhighschoolresearch.org



	 37	

Visualizations:
Within each UCG, each B cell clonotype had a corre-

sponding CDR3 amino acid sequence. Sequence logos for 
each UCG (representative of their clonotype CDR3 make-
up) and consensus sequences were generated by i) aligning 
CDR3 sequences using MUSCLE,16 ii) extracting sequenc-
es from generated FastAs using SeqIO from Biopython, and 
iii) generating sequence logos and consensus sequences using 
the logomaker module (see section ‘S5’ of the supplementa-
ry manuscript file). We identify the common parts of the V 
gene makeup in each UCG. Distribution pie charts for the 
clonotypes’ V gene family, subgroup, and position were gen-
erated. Per UCG, we generate an enrichment vs observed bar 
graph. Values above 1 indicate that the class (healthy or MS) 
is over-represented in the cluster, values equal to 1 indicate 
that the class is expressed as expected, and values lower than 1 
indicate that it is under-represented. To calculate this, we first 
calculate the expected count for each class and then calculate 
the enrichment value.

For each patient in which the UCG is detected, we generate 
a summed clonotype ratios histogram. Patients are color-cod-
ed in accordance with their disease status.

Statistical Analysis:
A non-parametric Mann-Whitney U test is performed on 

the summed ratios for each MS patient in the UCG and those 
for each HC patient in the UCG. Empirical power estimation 
with 10,000 resamples is run for each test. Benjamini-Hoch-
berg adjusted p-values are calculated for each UCG to adjust 
for false positives; these values adjust the raw p-values based 
on the number of hypotheses (in this case, the top 10 UCGs 
being tested for significance). UCGs with a p-value < 0.05, 
a power estimation between 0.800 and 1.000, and a Ben-
jamini-Hochberg adjusted p-value < 0.05 are considered 
statistically significant. U-values from the Mann-Whitney test 
are extrapolated and normalized using this formula:

Here, 𝑛₁ and 𝑛₂ are the sizes of the MS and HC groups. 
Normalized U values ≥ 0 and ≤ 0.5 indicate HC skew, nor-
malized U values = 0.5 show balanced data, and normalized 
U values ≥ 0.5 and ≤ 1.0 demonstrate an MS skew. Additional 
information can be found in section ‘S6’ of the supplementary 
manuscript file.

Tertiary Analysis:
Genetic Variability:
To understand whether genetic variability is correlated with 

UCG pathogenicity, UCGs with the top 20 feature impor-
tances and the bottom 20 feature importances with available 
sequence data were selected for comparison. Shannon entropy 
per position for the aligned CDR3 sequences per UCG was 
calculated using this formula:

Here, 𝑖 is indexing over all amino acids at that position and 
𝑝𝑖 is the probability (frequency) of the amino acid ‘i’ being at 
that position. Shannon entropy is averaged across positions 
for each UCG. A Mann-Whitney U test is performed on the 
mean entropies of UCGs with high importances against those 
of UCGs with low importances. The results are illustrated on 
a box plot along with indicators of statistical significance (e.g., 
asterisks based on the Mann-Whitney p-value).

Clonal Expansion:
In addition to genetic variability, we wanted to learn wheth-

er clonal expansion in MS patients is correlated with UCG 
pathogenicity. Once more, UCGs with the top 20 and bot-
tom 20 feature importances with available sequence data were 
chosen for comparison. Clonal expansion per MS patient was 
calculated as follows:

Expansion values for all MS patients are averaged per UCG. 
A Mann-Whitney U test is performed on the mean expansion 
values for the highest-performing UCGs against those of the 
lowest-performing UCGs.

�   Results 
Segregation in Principal Component Analysis (PCA) Be-

tween Healthy and Diseased Classes:
A qualitative analysis of the PCA plots reveals a promising 

segregation between the healthy and diseased classes, indicat-
ing a meaningful difference for classification (Figure 2). The 
relative homogeneity of data from different studies indicates 
little to no source bias. PC1, PC2, and PC3 explained 29.68%, 
16.74%, and 6.51% of the total variance, respectively, based on 
their associated eigenvalues. They cumulatively account for 
52.94% of the variance.

DOI: 10.36838/IJHSR816.35

Equation 2: Enrichment calculation: A. Expected count calculation, B. 
Enriched score calculation.

Equation 3: Summed ratio formula.

Equation 5: Shannon entropy formula.

Equation 6: Expansion formula.

Equation 4: U-value normalization.

Figure 2: Principal Component Analysis (PCA) and ML accuracy. A. PCA 
colored by disease status shows clear separation between healthy and diseased 
classes. B. PCA colored by paper shows limited source-wise separation.
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Mann-Whitney p-values (and Benjamini-Hochberg cor-
rected p-values) are calculated from the summed ratios for the 
MS and HC classes in each UCG. Empirical power estimation 
validates the accuracy of the p-value. From this table, we ex-
trapolate 6 statistically significant and potentially pathogenic 
UCGs.

Tertiary Analyses Reveal Genetic Variability and Clonal Ex-
pansion as Markers for Pathogenic Clonotype Groups:

Box plots are generated from the mean Shannon entro-
py scores and mean expansion scores from the best- and 
worst-performing UCGs alongside statistical analyses. The 
genetic variability box plot (Figure 5a) reveals a statistically 
significant difference (p-value = 0.0004 [<0.0005]) between 
the mean Shannon entropy from potentially pathogenic UCGs 
and those with low feature importances. Comparing medians 
shows increased variability in the top 20 UCGs. In the clonal 
expansion box plot (Figure 5b), the median comparison and 
low Mann-Whitney p-value suggest that clonal expansion in 
MS patients is positively correlated with disease-causing ef-
fects.

Per-UCG Visualizations Display Genetic Characteristics and 
Abundance of Each UCG:

Visualizations summarizing the relevant genetic charac-
teristics of each UCG were generated. Figure 6 is a graphical 
representation of the components of these UCG visualizations.

High ML accuracy during classification using Random For-
est:

The model with the highest weighted average F1-score was 
87.79%; this was achieved by the random forest model. The 
confusion matrix for the random forest model (Figure 3) re-
veals 0 true negatives and only 2 false positives.

Identification of Statistically Significant UCGs:
The classification model was trained on our unique clono-

type groups – UCGs that contributed more to the model’s 
decision between healthy and diseased were assigned higher 
feature importances. We extracted these importances to rank 
our UCGs. Figure 4 represents the importance of the 20 
UCGs with the highest feature importances.

Table 1 summarizes the feature importances, Mann-Whit-
ney p-values, Benjamini-Hochberg corrected p-values, and 
empirical power estimation values for the UCGs with the top 
10 importance values.

DOI: 10.36838/IJHSR816.35

Figure 3: The random forest model confusion matrix. Outlines classification 
performance, showing 5 correctly predicted HC, 2 HC misclassified as MS, 0 
MS misclassified as HC, and 10 correctly predicted MS.

Figure 4: Top 20 feature importances extracted from the random forest 
model.

Figure 5: Tertiary analysis box plots comparing potentially pathogenic 
UCGs and those with low feature importances. A. The CDR3 sequence 
variability comparison plot. The green box plot represents the mean Shannon 
entropy for the top 20 UCGs, while the red box plot displays the same for 
the bottom 20 UCGs. A p-value of 0.0004 indicates a statistically significant 
difference between the two classes. B. The mean expansion values comparison 
plot. The green plot represents the top 20 UCGs, and the red plot represents 
the bottom 20 UCGs. A p-value of 0.0008 suggests a statistically significant 
difference between the data. A comparison of the medians reveals higher MS 
clonal expansion in the top 20 UCGs.

Table 1: Comparison table of UCGs with top 10 feature importances. 
Statistically significant UCGs have a p-value < 0.05, an empirical power 
estimation >0.8, and a corrected p-value < 0.05. Statistically significant UCGs 
are highlighted in green.
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ceeds MS enrichment despite higher MS abundance; it has a 
dominant IGHV4 signature. UCG 18 has an MS-associated 
abundance pattern. Overall, multiple UCGs showed con-
served terminal motifs, variable CDR3 regions, and evidence 
of MS-associated clonal expansion.

Table 2 summarizes the data from these visualizations for 
the significant UCGs.

�   Discussion 
Through a machine learning-mediated meta-analysis of B 

cell sequencing data paired with various statistical analyses, 
we discovered statistically significant characteristics of MS 
clonotype groups: genetic variability, through the amino acid 
sequence logos; clonal expansion, using normalized clonotype 
reads; and positional genomic data, such as the V region pie 
charts. To discuss the suitability of the supervised ML ap-
proach, we analyzed the PCA graphs, ML scores, and the 
confusion matrix.

First, by examining the 3D plot from Principal Component 
Analysis (PCA) (Figure 2), we visualized a separation between 
the healthy and diseased classes: an encouraging preliminary 
observation that stipulates a difference in the sequencing 
repertoire of the two classes that could be subject to further 
investigation through classification ML.

Next, the high f1-score of 87.79% and high confusion ma-
trix-derived accuracy bolster the significance and reliability of 
the feature weights extracted from the random forest model 
and further exemplify that BCR sequencing data, and by ex-
tension, B cells, are a suitable source of data to investigate the 
cause of multiple sclerosis.

Understanding the broader characteristics shared by patho-
genic UCGs is one that holds merit in drug design. Our 
tertiary analysis focused on sequence variability and clon-
al expansion as characteristics of pathogenic UCGs. In this 
section, we discussed their viability as candidates for further 
research based on our statistical tests on their significance in 
MS pathogenesis.

In order to ascertain the importance of sequence variability 
in MS pathogenesis, we compared the classes of the impact-
ful UCGs with those of low importance. The low p-value of 
0.0004 indicated that there is a statistically significant dif-
ference between the CDR3 sequence variability of the two 
classes. By comparing medians, we observed that an increase in 
potential pathogenicity is positively correlated with increased 

The per-UCG visualization includes a sequence logo, an en-
richment bar graph, a summed ratio (abundance) histogram, 
and V gene distribution pie charts. An example of such a visu-
alization is seen below (Figure 7).

The sequence logo, consensus sequence, and V-gene charts 
can tell us information about the genetic makeup of the clo-
notype group. While both the enrichment bar graph and 
the summed ratios histogram display clonotype makeup, the 
noteworthy difference is that the bar graph simply uses the 
frequency (count) of healthy and MS clonotypes in its calcu-
lations, while the histogram takes into account the abundance 
(reads) of individual clonotypes. Importantly, the graphs are 
not displaying raw counts or reads; rather, they are displaying 
normalized values (as outlined in methods).

Among the six statistically significant UCGs, several ge-
nomic and abundance patterns emerged. UCG 8 demonstrated 
strong MS enrichment, with prominent clonal expansion in 
several MS patients; additionally, it is IGHV2-associated. 
UCG 25 is the most MS-exclusive UCG, with negligible 
HC enrichment. Similarly, UCG 2 and 39 possess a strong 
MS skew. UCG 45 is unique in that its HC enrichment ex-
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Figure 6: UCG visualization flow. A UCG visualization contains CDR3 
sequence, UCG abundance, and V-gene makeup details.

Table 2: Comparison table of the characteristics of the statistically significant 
UCGs. Refer to citation 5 for corroboration.5

Figure 7: An example of a per-UCG visualization: UCG 8. The sequence 
logo represents conserved amino acids at each position across clonotypes. The 
enrichment bar graph presents the disease distribution of the overall clonotype 
makeup. The summed ratios represent UCG abundance per patient. The V 
gene pie charts display the V-gene makeup for the UCG. The Mann-Whitney 
p-value, normalized U value, and feature importance are displayed.
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sequence variability. We hypothesized that this increased vari-
ability is a result of somatic hypermutation in diseased B cells, 
a characteristic which has been previously observed in the CSF 
of MS patients.17 B cells may undergo somatic hypermutation 
to refine their BCRs and, by consequence, their autoantibod-
ies, to increase affinity for the body's myelin sheath; this could 
significantly increase their pathogenic success. Accordingly, we 
can say that sequence variability is an important characteristic 
of pathogenic UCGs, and its role and cause in MS pathogene-
sis should be further investigated in future studies.

With clonal expansion, once more, we observed a signifi-
cant p-value of 0.0008. Combined with a median comparison, 
this p-value allowed us to conclude that potentially pathogenic 
B cells showed a statistically significant increase in clonal ex-
pansion in contrast to those with lower feature importances. 
This is concurrent with research in the past, where increased 
clonal expansion for B cells in the CSF has been reported in 
MS patients.18 We hypothesized that the increase in potential-
ly pathogenic B cells from clonal expansion could exacerbate 
MS-consequent neurodegeneration, and, therefore, clonal ex-
pansion is another crucial characteristic of interest for further 
investigation.

Ultimately, based on this tertiary analysis, we believe that 
UCGs displaying increased MS clonal expansion and increased 
genetic variability should be flagged as those of interest for re-
search on future therapeutic targets; additionally, MS clonal 
expansion and genetic variability can be identified as global 
characteristics of potentially pathogenic MS B cell unique clo-
notype groups. Research on identifying or disproving causal 
links between these global characteristics and MS pathogen-
esis is required.

Lastly, we conducted an in-depth analysis of the visualiza-
tions of our significant UCGs. From Table 2, we can see that 
these potentially pathogenic UCGs all mostly have a skew to-
wards MS patients, except for UCG 45, which has a higher HC 
enrichment score. This is because the enrichment score is based 
on unique clonotype frequency counts, and we hypothesized 
that once the MS antigen is encountered, clonal expansion (in-
creasing clonotype abundance) may be prioritized over making 
unique clonotypes through somatic hypermutation, decreasing 
the frequency count. This may explain why, while the MS en-
richment score in UCG 45 may have been reduced, the total 
MS clonotype abundance is more significant (indicated by the 
U-value >0.5). Further investigation is warranted for this ob-
servation.

Previous research has demonstrated a VH4 bias in MS B 
cell clonotypes;5 notice that, accordingly, UCG 45 has a VH4 
region majority. Moreover, UCG 45 incorporates 5 VH4 re-
gions, which have previously been associated with MS B cells 
in the CSF (IGHV4-31, IGHV4-34, VH4-39, IGHV4-59, 
and IGHV4-61), along with 3 other new gene positions. This 
established a strong confidence in the validity of our pipeline. 
Additionally, we observed a motif for certain parts of IGHV1 
(IGHV1-2, 24, 3, 46, 69, 69D, 8) and IGHV5 (IGHV5-51 
and 10-1) across UCGs, which highlighted their importance as 
regions of interest in future therapeutic target studies. Finally, 

we also identified parts of the IGHV2 gene that may be of 
interest in pathogenicity studies.

�   Conclusion 
This study presented a novel approach to identify potentially 

pathogenic B cell clonotypes using an ML-driven meta-anal-
ysis of high-throughput sequencing data, and we identified six 
UCGs of this nature correlated with MS for future therapeutic 
research. Through a combination of supervised and unsuper-
vised ML, we identified the motifs (‘global characteristics’) of 
genetic variability and clonal expansion among these UCGs: 
traits of interest for future research on the role of B cells in MS 
pathogenesis. Our findings exemplify the utility of applying 
machine learning to immune sequencing data to extrapolate 
meaningful conclusions from complex, high-dimensional se-
quences. Corroboration with previous studies confirms the 
merit and biological relevance of our results, revealing parallels 
with previously reported IGHV4 family bias. The recurrent 
clonotype architectures and IGHV-associated patterns we 
identify in this study could serve as biomarkers for immune 
repertoire-based MS profiling. Our observed links between 
MS pathogenicity, clonal expansion, and sequence variability 
may help identify B-cell subgroups of interest for future thera-
peutic targeting. In conclusion, our study provides insight into 
B-cell involvement in MS pathogenesis and creates a novel 
computational framework for future studies analyzing the MS 
immune repertoire.

�   Limitations and Future Steps 
Our study is strengthened by our comparatively larger 

sample size than previous MS immune sequencing studies; 
however, correlating variables such as tissue origin and disease 
stage with B cells can produce valuable conclusions in the con-
text of disease progression. Future research should prioritize 
further analysis into factors such as sequencing depth, age/
sex, and tissue origin to discover important new insights about 
the role of B cells in MS pathogenesis while using rigorous 
normalization to limit the batch effect arising from data het-
erogeneity. Clinical verification and analysis of computational 
results are the next steps in developing B-cell-targeting thera-
peutics against MS.
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