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Abstract
Multiple sclerosis (MS) is a chronic autoimmune disease of the central nervous system (CNS), characterized by neuroin-
flammation and neurodegeneration. Emerging evidence links gut microbiota dysbiosis to immune dysregulation and MS 
progression. While extensive research has been conducted in Western populations, region-specific studies are needed to 
assess the influence of local genetic and environmental factors. This study investigates gut microbiota alterations in Egyptian 
MS patients using Oxford Nanopore sequencing to identify microbial signatures associated with disease progression. Fecal 
samples from 33 newly diagnosed MS patients (20 with relapsing–remitting MS [RRM] and 13 with Progressive MS [PMS]) 
and 10 healthy controls were analyzed using long-read Oxford Nanopore sequencing of the full 16S rRNA gene. MS patients 
exhibited increased microbial richness but reduced evenness, with distinct gut microbiome profiles. Progressive MS was 
characterized by an abundance of pro-inflammatory bacteria (e.g., Enterococcus faecium and Romboutsia timonensis) and 
a depletion of short-chain fatty acid (SCFA)–producing species (Ruminococcus bromii and Faecalibacterium duncaniae), 
potentially contributing to heightened neuroinflammation and disease progression. Relapsing MS exhibited microbial shifts 
indicative of immune dysregulation, including increased Clostridium saudiense and decreased levels of the gut-protective 
Faecalibacterium butyricigenerans. Functional analysis linked these microbial alterations to oxidative stress, neurotrans-
mitter imbalance, and suppressed lipid and carbohydrate metabolism. These findings underscore the role of gut microbiota 
dysbiosis in MS pathogenesis and, by focusing on an underexplored Egyptian cohort, highlight region-specific microbial 
shifts that may inform targeted therapeutic strategies for both Progressive and Relapsing forms of MS.
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Introduction

Multiple sclerosis (MS) is a chronic autoimmune disease of 
the central nervous system (CNS), characterized by demy-
elination, neuroinflammation, and neurodegeneration. It 
affects millions worldwide and is a leading cause of neuro-
logical disability among young and middle-aged adults, with 
women being approximately twice as likely to be affected 
as men [1]. MS is clinically categorized into three primary 
forms: relapsing–remitting MS (RRMS), primary progres-
sive MS (PPMS), and secondary progressive MS (SPMS). 
Approximately 85% of patients are initially diagnosed with 
RRMS, characterized by episodes of acute attacks (relapses) 
followed by periods of remission. Among these patients, 
about two-thirds will eventually transition to SPMS, during 
which neurological disability accumulates independently of 
relapses [2]. Approximately 15% of patients present with 
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PPMS, which is marked by continuous clinical deterioration 
from disease onset [3]. MS significantly impacts patients’ 
quality of life, family relationships, and occupational per-
formance. This is particularly critical as MS often manifests 
during the peak years of family formation and employment. 
Early diagnosis and treatment are essential to prevent irre-
versible disability and to improve long-term outcomes [4].

The gut microbiota—a diverse community of microor-
ganisms residing in the gastrointestinal tract—plays a vital 
role in maintaining immune homeostasis, metabolic func-
tion, and CNS health. Emerging evidence highlights the 
role of the gut-brain axis, a bidirectional communication 
network between the gut microbiota, the immune system, 
and the CNS, in the pathogenesis of MS. Dysbiosis, or an 
imbalance in gut microbial composition, has been implicated 
in promoting pro-inflammatory immune responses by shift-
ing the balance from regulatory (Treg) to pro-inflammatory 
(Th1/Th17) T cells, thereby exacerbating CNS autoimmun-
ity [5]. Mechanistically, dysbiosis can lead to disruption of 
the intestinal barrier—a multi-layered interface involving 
gut-associated immune tissue. This disruption increases 
intestinal permeability, commonly referred to as “leaky 
gut”, allowing microbial metabolites and inflammatory 
mediators to enter systemic circulation. These molecules can 
compromise the integrity of the blood–brain barrier (BBB), 
enabling peripheral immune cell infiltration into the CNS 
and triggering neuroinflammation [6]. In parallel, microbial 
signals also influence neuroinflammation and demyelination 
by modulating microglial activation. Several studies have 
reported distinct microbial signatures in MS patients com-
pared to healthy controls [7]. Additionally, approximately 
70% of MS patients exhibit increased intestinal permeability 
[8], which supports the hypothesis that altered gut barrier 
integrity may allow bacterial components such as microbial-
associated molecular patterns to translocate, alter peripheral 
immune responses, or enter the CNS and drive autoimmun-
ity [9].

Compositional changes in gut microbiota—especially 
reductions in beneficial short-chain fatty acid (SCFA)–pro-
ducing bacteria such as Faecalibacterium prausnitzii and 
Ruminococcus bromii have—been widely documented in 
MS. These alterations are influenced by diet and nutritional 
status and are being targeted in clinical trials evaluating 
dietary interventions and fecal microbiota transplantation 
(FMT) [10].

Despite increasing evidence from Western populations, 
there is a lack of region-specific studies exploring gut micro-
biota alterations in MS patients from non-Western regions 
such as the Middle East. The rising incidence of MS in coun-
tries like Egypt necessitates a better understanding of local 
environmental, genetic, and dietary factors that may shape 
gut microbial composition and influence disease mecha-
nisms [11].

Existing studies have primarily focused on Western 
cohorts and short-read sequencing technologies, which 
often restrict taxonomic resolution to the genus level and 
overlook regional microbial signatures influenced by distinct 
dietary and environmental exposures. Furthermore, func-
tional predictions derived from gut microbiota composition 
have rarely been explored in Middle Eastern MS cohorts.

To address these gaps, this study investigates gut micro-
biota alterations in Egyptian MS patients using Oxford 
Nanopore long-read sequencing, which enables full-length 
16S rRNA gene analysis and thereby improves species-level 
taxonomic resolution and downstream functional predic-
tions. While certain bacterial species share highly similar 
or even identical 16S rRNA sequences, limiting their dis-
criminability using this marker alone [12, 13], full-length 
sequencing using Oxford Nanopore has been shown to sig-
nificantly enhance species-level classification when com-
bined with robust bioinformatic tools and curated reference 
databases [14, 15]. Thus, despite some inherent limitations, 
this approach offers a more comprehensive and confident 
characterization of gut microbial communities in this under-
studied population.

We hypothesize that region-specific microbiome shifts 
contribute to MS pathogenesis through altered microbial 
functions and pro-inflammatory mechanisms.

Materials and Methods

Sample Collections and Study Design

This study was approved by the Research Ethics Committee 
(REC) at the Faculty of Medicine, Neurology and Psychiatry 
Department, Ain Shams University, Egypt (FMASU MD 
188/2024); written informed consent was obtained from all 
participants. All procedures were conducted in accordance 
with relevant guidelines and regulations. Ethnicity-matched 
healthy controls were also recruited, with approximately half 
being family members of MS patients. This approach was 
used intentionally to help mimic shared lifestyle and envi-
ronmental exposures, particularly dietary habits and living 
conditions, thus minimizing lifestyle-related confounding 
variables. Participants were recruited from the Multiple 
Sclerosis Unit, Neurology Department, Faculty of Medicine, 
Ain Shams University Hospitals, Cairo, Egypt, between Sep-
tember 2024 and January 2025.

A total of 33 newly diagnosed MS patients, including 
20 with Relapsing MS and 13 with Progressive MS, and 10 
age- and sex-matched healthy volunteers were included as 
controls. All participants were residents of Greater Cairo 
and the surrounding Nile Delta region, ensuring geographic 
consistency.
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MS diagnosis was established based on the 2017 revised 
McDonald criteria, integrating clinical assessment, mag-
netic resonance imaging (MRI), and cerebrospinal fluid 
(CSF) analysis when necessary. Exclusion criteria included 
the following: current or previous use of disease-modifying 
or biologic therapies for MS, use of antibiotics within the 
past 3 months, diagnosed inflammatory bowel disease, any 
gastrointestinal tract surgery, or an active malignancy. Par-
ticipants were also excluded if they had special or restrictive 
diets, recent gastrointestinal infections, or were taking probi-
otic or prebiotic supplements. All participants followed their 
usual dietary patterns during the study period, and no dietary 
interventions were applied. Patients with obesity or diabe-
tes were also excluded. All participants underwent a com-
prehensive medical and neurological assessment, including 
collection of demographic and clinical data, Expanded Dis-
ability Status Scale (EDSS) scores, and evaluation of MS 
disease activity. Additionally, all MS patients underwent 
brain magnetic resonance imaging (MRI), and diagnosis 
was confirmed based on clinical neurological manifestations, 
radiological evidence of characteristic MS lesions, and/or 
cerebrospinal fluid (CSF) analysis indicating the presence 
of MS-associated antibodies.

Sample Processing and DNA Extraction

Fecal samples were collected in the morning, within the 
same time window (7:00–10:00 AM) to minimize diurnal 
variation in gut microbiota into sterile Cary-Blair transport 
tubes using a microbiological swab from the Fecal Swab 
Sampling Kit and stored at − 80 °C. In cases where stool 
sample collection was not feasible, rectal swabs were used. 
Genomic DNA was extracted using the DNeasy PowerSoil 
Pro Kit (QIAGEN, Germany) according to the manufac-
turer’s protocol. The quality and concentration of extracted 
DNA were assessed using a NanoDrop 2000 spectrophotom-
eter (Thermo Fisher Scientific, USA).

16S rRNA Gene PCR Amplification and Library 
Preparation

ONT MinION 16S V1–V9 Library Preparation

Library preparation was performed using the Oxford Nanop-
ore Technologies 16S Barcoding Kit (SQK-16S024), which 
enables amplification and barcoding of the full 16S rRNA 
gene (V1–V9) region. PCR amplification of the full 16S 
hypervariable region (V1–V9) [12] was performed using 
the  27 F forward primer (5′-ATC​GCC​TAC​CGT​GAC–bar-
code–AGA​GTT​TGATCMTGG​CTC​AG–3′) and the 1492R 
reverse primer (5′–ATC​GCC​TAC​CGT​GAC–barcode–CGG​
TTA​CCT​TGT​TAC​GAC​TT–3′), both containing 5′ tags to 
facilitate ligase-free adapter attachment. Each 10 ng DNA 

sample was amplified using the 16S Barcoding Kit 0–24 
under the following conditions: initial 15 min denaturation 
at 98 °C (Stage 1), 25 cycles of 20 s denaturation at 98 °C, 
30 s annealing at 55 °C, 2 min extension at 65 °C (Stage 2), 
and 5 min final extension at 65 °C (Stage 3), longAmp Hot 
Start Taq 2 × Master Mix. The 16S V1–V9 amplicons were 
subsequently purified using AMPure XP magnetic beads 
with a PCR reaction mix to magnetic bead ratio of 5:3 and 
washed twice with freshly prepared 80% ethanol. The final 
elution of purified DNA was performed by adding 10 µL 
of 10 mM Tris–HCl pH 8.0 with 50 mM NaCl, incubating 
for 2 min at room temperature, and recovering 10 µL of the 
elute from each tube. DNA concentration of the purified 16S 
V1–V9 amplicons was measured using a Qubit 4 fluorometer 
(Thermo Fisher Scientific, USA), and samples were pooled 
to a total of 40 ng in 10 µL for library preparation.

16S rRNA Gene Amplicon Sequencing

Sequencing was performed using the MinION Flow Cell 
(Oxford Nanopore Technologies, UK) and MinKNOW 
software (Oxford Nanopore Technologies, UK; v21.06.13). 
FAST5 raw data were collected over 48 h per run and base-
called into FASTQ files using the GPU-based Guppy base-
caller (Oxford Nanopore Technologies, UK; v5.0.16) in 
super-accurate mode, with barcode and adapter trimming 
enabled. Sequencing continued until the barcode with the 
fewest reads exceeded 100,000 passed reads, ensuring suf-
ficient depth across all samples. While MinION Flow Cells 
can generate high sequencing throughput, the number of 
samples per run was limited to 24 due to the barcode limit 
of the SQK-16S024 kit. Therefore, each flow cell was used 
to multiplex up to 24 samples, in accordance with the kit’s 
design specifications.

Bioinformatics and Statistical Analysis

For each sample, high-quality reads from the/pass subdi-
rectory, as generated by the Guppy basecaller, were con-
catenated into a single FASTQ file. These files were then 
assessed for quality using FastQC (v0.11.9). FASTQ files 
that met quality thresholds were then merged into a single 
file for each individual sample, ensuring all sequencing reads 
belonging to a participant were consolidated for downstream 
analysis. Adapter sequences were trimmed using Pore-
chop_ABI (v. 0.5.5) (https://​github.​com/​rrwick/​Porec​hop_​
ABI), and low-quality, short, or long reads were filtered with 
NanoFilt (v.2.8.0) with a minimum read length of 500 bp 
and a minimum average quality score of Q10 [16]. Cleaned 
reads were analyzed using the Epi2me Metagenomics Pipe-
line (Oxford Nanopore Technologies, UK), aligning reads 
to the NCBI RefSeq 16S–18S database with minimap2 (v. 
2.24-r1122)[17], samtools (v. 1.16.1)[18], and taxonkit (v. 

https://github.com/rrwick/Porechop_ABI
https://github.com/rrwick/Porechop_ABI
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0.14.1) to assign taxonomy and read counts per sample [19]. 
Prior to downstream analysis, low-abundance taxa were fil-
tered by excluding features with a total read count less than 
10 and relative abundance of prevalent microbiota (> 1% in 
any sample group) to minimize the impact of spurious or 
rare taxa.

Downstream analysis and visualization were conducted 
using R (v4.4.2) and the following R packages: Heatmap 
Construction: Heatmaps were generated using the Complex-
Heatmap package (v2.18.0)[20]. Hierarchical clustering was 
based on Bray–Curtis dissimilarity and complete linkage 
method. Diversity Analysis: Alpha diversity (α-diversity) 
metrics (Observed OTUs, Richness, Evenness) were calcu-
lated using the phyloseq package (v1.44.0)[21]. Beta diver-
sity (β-diversity) was assessed using vegan (v2.6–4), with 
Bray–Curtis dissimilarity and weighted/unweighted UniFrac 
distances computed via phyloseq. Raw p‐values from PER-
MANOVA tests (Bray–Curtis dissimilarities) were adjusted 
using the Benjamini–Hochberg FDR procedure; features 
with FDR‐adjusted q < 0.05 were considered statistically 
significant. Non-metric multidimensional scaling (NMDS) 
and principal coordinate analysis (PCoA) plots were gener-
ated using vegan and phyloseq. Visualization: all bar plots, 
box plots, and diversity plots were created using the ggplot2 
package (v3.4.2). Statistical testing: normality of data was 
assessed using the Shapiro–Wilk test. α-Diversity com-
parisons between groups were evaluated using either t-test 
(parametric) or Wilcoxon rank-sum test (non-parametric), 
based on the normality outcome. β-Diversity differences 
were tested using PERMANOVA via the adonis2 function 
in vegan. Differential abundance testing was conducted at 
the species level using the DESeq2 package (v1.42.0). Count 
data were pre-filtered to exclude taxa with fewer than 10 
reads across all samples. Functional prediction and analy-
sis: functional predictions were generated using PICRUSt2 
(v2.5.2)[22]. KEGG Orthology (KO) and MetaCyc pathway-
level abundances were analyzed with the ALDEx2 package 
for differential enrichment, applying clr-transformation and 
Wilcoxon tests for comparison. Correlation analysis: Spear-
man’s rank correlation was used to evaluate associations 
between bacterial abundances and clinical metadata (e.g., 
EDSS and total relapses) using the psych R package (v2.3.6). 
Correlation matrices were visualized using corrplot pack-
age (v0.92). Data with normal distribution were reported as 
mean ± standard deviation (SD), while non-normally distrib-
uted data were expressed as median ± standard error (SE). 
Correlation analyses were performed using Spearman’s rank 
correlation coefficient with significance set at p < 0.05.

An overview of the bioinformatics workflow used to pro-
cess and analyze the full-length 16S rRNA gene sequences 
is shown in Fig. 1. To ensure sufficient sequencing depth, 
100,000 reads per sample were retained for taxonomic 
analysis. α-Rarefaction curves were used to verify diversity 

saturation, and β-diversity was assessed using Bray–Curtis 
dissimilarity and weighted/unweighted UniFrac distances 
[23].

Results

Fecal samples were collected from 33 MS patients and 10 
healthy controls; the average age of patients with Relapsing 
MS was 31.7 years, while that of patients with Progressive 
MS was 38 years, and 67% were women. Over half of the 
patients were retired due to clinical deterioration, while 40% 
were still in employment; details of the study population 
are provided in Table 1. The EDSS scores of MS patients 
were 2.25 ± 0.77 (median ± SE) for the Relapsing MS group 
and 5.65 ± 0.60 (mean ± SD) for the Progressive MS group, 
based on the respective data distributions. Disease duration 
ranged from 1 to 14 years (Fig. 2). Figure 2 summarizes 
the NMDS ordination of gut microbiota structure in rela-
tion to clinical characteristics of MS patients, including total 
relapses (Fig. 2A), EDSS scores (Fig. 2B), disease duration 
(Fig. 2C), and MRI lesion load (Fig. 2D). These plots illus-
trate microbial variation based on Bray–Curtis dissimilarity, 
with PERMANOVA and correlation results shown for each 
parameter.

Table 1 presents the demographic and clinical charac-
teristics of the study participants, including age, body mass 
index (BMI), gender distribution, and EDSS score. Age 
and BMI are reported as mean ± standard deviation, while 
gender distribution is expressed as the percentage of males 
and females in each group. The table compares the control 
group (n = 10) with the MS subgroups: Relapsing (n = 20) 
and Progressive (n = 13).

The NMDS analysis reveals significant associations 
between gut microbial community structure and clinical 
parameters in MS patients. Specifically, microbial com-
position varies notably with total relapse frequency (PER-
MANOVA p = 0.028), EDSS score (p = 0.002), and disease 
duration (p = 0.03), highlighting the influence of disease 
severity on β-diversity. Samples from progressive MS 
patients—characterized by higher EDSS scores, longer dis-
ease duration, and increased relapse counts—demonstrate 
greater dispersion along NMDS axes, suggesting enhanced 
microbial community divergence or dysbiosis with advanc-
ing disease. In contrast, no significant correlation was 
found between microbiota β-diversity and MRI lesion load 
(p = 0.174), indicating that lesion burden may not directly 
relate to gut microbial shifts in this cohort.

Gut Microbiota α and β‑Diversity

To assess overall differences in microbial communities 
between MS patients and healthy controls, we calculated 
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measures of alpha and β-diversity. α-Diversity, reflecting 
species richness and evenness, was evaluated at multiple 
sequencing depths using rarefaction curves. The rarefac-
tion curves for all samples reached a plateau, indicating 
that the sequencing effort was sufficient to capture the 
majority of species present. This suggests that additional 
sequencing would likely provide minimal new informa-
tion (Fig. 3).

The overall species richness of the gut microbiota in the 
Relapsing group was significantly different from that of 
the Control group (P = 0.005 for observed OTU number). 
Similarly, the Progressive group also showed a significant 
difference from the Control group (P = 0.0001). However, 

there was no significant difference between the Relapsing 
and Progressive groups (P = 0.097) (Fig. 4A). The Control 
group consistently exhibited higher evenness, indicating 
a more balanced distribution of species, whereas both the 
Progressive and Relapsing groups demonstrated reduced 
evenness. These findings suggest that MS alters commu-
nity structure and species distribution.

The evenness diversity index revealed a statistically 
significant difference between the Progressive and Con-
trol groups (P = 0.0001), indicating that microbial spe-
cies in the Progressive group are less evenly distributed. 
A significant difference was also observed between the 
Relapsing and Progressive groups (P = 0.02), whereas no 

Fig. 1   Overview of the bioinformatics workflow used for processing and analyzing full-length 16S rRNA gene sequencing data in this study

Table 1   Demographic and 
clinical data of the study 
population

Parameter Control (n = 10) Relapsing MS (n = 20) Progressive MS (n = 13)

Age (years) 33.8 ± 5.51 31.7 ± 5.86 38.0 ± 4.15
BMI (kg/m2) 24.64 ± 3.34 25.93 ± 2.33 26.50 ± 1.67
Male n (%) 4(40%) 5(25%) 6(46%)
Female n (%) 6(60%) 15(75%) 7(54%)
EDSS score NA 2.25 ± 0.77 5.65 ± 0.60
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significant difference was found between the Control and 
Relapsing groups (P = 0.07) (Fig. 4B).

β-Diversity measures the compositional dissimilarity 
or variation between microbial communities across differ-
ent groups. The NMDS plot (Fig. 5A) shows distinct clus-
tering for each group, with some overlap—particularly 
between the Progressive and Relapsing groups. The stress 
value of 0.028 indicates an excellent fit for the NMDS 
model, meaning the plot accurately preserves the dissimi-
larities or distances between the samples. PERMANOVA 
analysis revealed significant differences in microbial 
community composition across all pairwise group com-
parisons: Control vs. Progressive, Control vs. Relapsing, 
and Progressive vs. Relapsing. Additionally, principal 
coordinates analysis (PCoA) based on both unweighted 
and weighted UniFrac distances demonstrated significant 
differences in microbiota distribution among the groups 
(Fig. 5B, C).

MS‑Associated Microbiota Changes at the Genus 
and Species Level

The relative abundance of microbial species was analyzed 
across healthy individuals (Control) and MS groups (Pro-
gressive and Relapsing). Overall, MS groups exhibited 
distinct compositional differences from the Control group. 
Notably, the Control group was enriched in health-associated 
taxa, while MS groups showed increased prevalence of pro-
inflammatory and dysbiosis-associated species.

Blautia intestinalis and Blautia obeum showed significant 
increases in the Relapsing group compared to the Control 
group, with rises of 241% (P = 0.003) and 228% (P = 0.02), 
respectively. These species also showed higher abundance 
in Relapsing versus Progressive MS (117% (P = 0.037) and 
210% (P = 0.009), respectively), suggesting a role in inflam-
matory activity or relapse episodes. In contrast, Rombout-
sia timonensis and Enterococcus faecium were markedly 

Fig. 2   NMDS (non-metric multidimensional scaling) plots illustrat-
ing gut microbiota community structure in MS patients in relation 
to clinical parameters, based on Bray–Curtis dissimilarity. A Micro-
biota composition by total relapse frequency: squares (< 5), circles 
(5–8), triangles (> 8). PERMANOVA p = 0.028; correlation with 
NMDS1 = 0.38 (p = 0.035), NMDS2 =  − 0.33 (p = 0.07). B Micro-
biota profiles by EDSS categories: squares (< 2), circles (2–4), tri-
angles (> 4). PERMANOVA p = 0.003; NMDS1 correlation = 0.503 
(p = 0.004), NMDS2 =  − 0.47 (p = 0.008). C Disease duration 

groups: squares (< 5 years), circles (5–8 years), triangles (> 8 years). 
PERMANOVA p = 0.03; NMDS1 correlation = 0.397 (p = 0.027), 
NMDS2 =  − 0.095 (p = 0.611). D MRI lesion load: squares (0–5), 
circles (5–10), triangles (10–20), X (confluent), white square 
(numerous). PERMANOVA p = 0.182; NMDS1 correlation = 0.153 
(p = 0.544), NMDS2 = 0.074 (p = 0.771). All analyses were performed 
using Bray–Curtis dissimilarity and visualized with NMDS ordina-
tion. Disease type is consistently represented by color: green (Pro-
gressive MS) and blue (Relapsing MS)
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enriched in the Progressive group relative to both the Con-
trol and Relapsing groups. Specifically, Romboutsia timon-
ensis increased by 640% (P = 0.004) compared to Control 
and 244% (P = 0.017) compared to Relapsing MS, while 
Enterococcus faecium increased by 980% (P = 0.002) and 

59% (P = 0.05), respectively. These trends suggest a poten-
tial link between these species and the neurodegenerative 
progression of MS (Fig. 6A).

Genus-level analyses revealed broader patterns, though 
interpretation is more complex due to species aggregation. 

Fig. 3   Rarefaction curve of gut microbiota from MS and Control 
group. Sample-based rarefaction curves displaying observed species 
richness. Sample size indicates the number of reads sampled from 

the total amount of reads analyzed during the real-time analysis. The 
Y-axis represents the number of unique bacterial species identified at 
the species-level taxonomic resolution in those subsampled reads

Fig. 4   Box plot of microbial α-diversity estimation in MS groups compared to control A Richness diversity index. B Evenness diversity index, 
reflecting the distribution of species abundance within each group. Statistical comparisons were performed to evaluate differences among groups
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For instance, the genus Blautia includes Blautia intesti-
nalis, Blautia obeum, Blautia wexlerae, and Blautia luti, 
each potentially contributing differently to MS pathogenesis 
(Fig. 6B). This reinforces the importance of species-level 
analysis for precise functional interpretation.

Heatmap clustering (Fig. 7) illustrated distinct microbial 
profiles for each group. The Control group was dominated by 
beneficial species such as Roseburia faecis, Ruminococcus 
bromii, Eubacterium rectale, Faecalibacterium duncaniae, 
Dialister massiliensis, and Ligilactobacillus ruminis. These 
taxa sharply declined in both MS subtypes, suggesting a 
loss of protective microbial populations. The Progressive 

MS group was defined by an overrepresentation of Rombout-
sia timonensis, Enterococcus faecium, Streptococcus sali-
varius, Ligilactobacillus acidipiscis, Escherichia fergusonii, 
and Limosilactobacillus mucosae. These bacteria exhibited 
a mean z-score of 1.327282 in the Progressive group, com-
pared to − 0.978888 in the Control group and − 0.348394 in 
the Relapsing group, indicating a strong association with the 
progressive stage of MS. Meanwhile, the Relapsing group 
exhibited elevated levels of inflammation-associated species, 
including Blautia intestinalis, Blautia obeum, Blautia luti, 
Gemmiger formicilis, Ligilactobacillus salivarius, Blautia 
wexlerae, and Anaerobutyricum soehngenii. These species 

Fig. 5   A Non-metric multidimensional scaling (NMDS) plots of 
microbial communities. PERMANOVA analysis with false discovery 
rate (FDR) adjusted P value. B Difference analysis of β-diversity of 

gut microbiota in the Control group and MS groups PCoA analysis 
based on unweighted UniFrac distance. C PCoA analysis based on 
weighted UniFrac distance
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had a mean z-score of 1.270944 in the Relapsing group, 
compared to − 0.533267 in the Control and − 0.737677 in the 
Progressive groups, suggesting their potential role in relapse 
activity and inflammatory dysbiosis.

Within the top 30 most abundant species, Clostridium 
saudiense exhibited a highly significant rise in both Relaps-
ing and Progressive MS. In contrast, beneficial SCFA-pro-
ducing bacteria such as Faecalibacterium butyricigenerans 

Fig. 6   Relative abundance of prevalent microbiota (> 1% in any sample group) determined from Oxford Nanopore sequencing. Each bar repre-
sents the proportional contribution of various species (A) or genera (B) in each group with colors denoting specific taxa

Fig. 7   Heatmap of gut micro-
bial relative abundance across 
groups
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and Faecalibacterium duncaniae were markedly depleted 
in the Relapsing group. Enterococcus durans and Intestini-
bacter bartlettii were enriched in Progressive MS, while 
Gemmiger formicilis declined significantly, further indicat-
ing dysbiosis.

Ruminococcus bromii and Faecalibacterium duncaniae 
were both significantly reduced in the Progressive group, 
reinforcing the loss of commensal species. Additionally, 
multiple beneficial species common in healthy controls 
including Faecalibacterium longum, Faecalibacterium 
prausnitzii, Roseburia faecis, Faecalibacterium hattorii, 
and Roseburia intestinalis were significantly reduced in both 
Relapsing and Progressive MS groups (Fig. 8A, B).

Collectively, these findings highlight a clear shift in 
microbial community structure associated with MS, with 
subtype-specific dysbiosis patterns. The Progressive group 
is characterized by dominance of proinflammatory taxa and 
depletion of beneficial microbes, while the Relapsing group 
exhibits elevated inflammation-associated species with 
partial preservation of protective taxa. These observations 
underscore potential microbial biomarkers and targets for 
therapeutic intervention in MS.

Each row represents a bacterial species, and each col-
umn represents a participant group (Control, Progressive 
MS, Relapsing MS). The color gradient reflects z-score 
normalized relative abundance values, where red denotes 
higher-than-average abundance, and blue denotes lower-
than-average abundance for each species across samples. 
The heatmap highlights distinct microbial signatures in MS. 
Progressive MS is associated with a severe dysbiotic shift, 
characterized by an increase in inflammation-associated spe-
cies and a marked reduction in health-associated microbes. 

Relapsing MS exhibits intermediate dysbiosis, with a partial 
loss of beneficial species and moderate increases in pro-
inflammatory bacteria. In contrast, the Control group dis-
plays a balanced gut microbiota, dominated by beneficial, 
health-associated species.

Functional Enrichment Analysis

PICRUSt2 was used to infer the functional content of the 
microbiota based on closed-reference OTUs. The heatmap 
(Fig. 9A) illustrates the relative abundance of the top 15 
KEGG Orthologs (KOs) across groups. KOs such as K15987 
and K09457 were predominantly enriched in the control 
group, suggesting a potential protective role. In contrast, 
K03488 and K02897 showed significant enrichment in Pro-
gressive MS samples, indicating possible involvement in 
disease progression mechanisms. Additionally, K03092 and 
K16214 were notably enriched in the Relapsing MS group.

The bar graph (Fig. 9B) displays the statistical signifi-
cance (P-values) of the top 10 KOs for both the Progressive 
MS (red) and Relapsing MS (blue) groups compared to the 
control group. KOs such as K03704 and K03652 showed 
the most significant differences in the Progressive group, 
with P-values below 0.002 and 0.005, respectively. Simi-
larly, highly significant P-values were observed for K03305 
and K02076 in the Relapsing group. Most of the signifi-
cant KOs in the Progressive group are linked to pathways 
involved in chronic inflammation and metabolic dysregula-
tion, while those in the Relapsing group are associated with 
immune response regulation and microbial metabolism. A 
full description of each KO is provided in Fig. 9C, D.

Fig. 8   A Relative abundance of the top 30 prevalent microbiota spe-
cies (> 1% in any sample group). The stacked bar plot illustrates 
microbial composition variations among the three groups. B Dif-
ferential abundance analysis of microbial species between Progres-

sive (blue) and Relapsing (red). Each species shown has a statisti-
cally significant difference (P < 0.05), even if not among the top 30 
most abundant species. The Log2 fold change highlights species with 
increased or decreased abundance between the two groups
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Predicted Metabolic Pathway of Bacterial 
Communities

The control group served as a baseline to assess deviations 
in microbial metabolic activity. Both the Progressive and 
Relapsing MS groups exhibited significant shifts in specific 
pathways compared to the control group. Figure 10 presents 
a two-panel visualization showing the mean proportions 
and differences in mean proportions (with 95% confidence 
intervals) for key pathways in the Progressive and Relapsing 
groups relative to the control group. In the left panel, differ-
ences in mean proportions are represented by black dots with 
corresponding confidence intervals. Values to the right of 
the dashed line indicate higher proportions in the Relapsing 
group, while values to the left indicate higher proportions 
in the Progressive group. P-values indicating statistical sig-
nificance are shown on the far right (Fig. 10A).

The METH-ACETATE-PWY, PWY-2941, and FASYN-
ELONG-PWY pathways were significantly increased in both 

MS groups. In contrast, PWY-6749 and PWY-6703 showed 
a decrease in both groups. Notably, PWY-6703 exhibited a 
more pronounced reduction in the Relapsing group, with a 
1.3-fold decrease compared to the Progressive group, sug-
gesting its potential importance in the relapsing form of the 
disease. On the other hand, PWY-5022 was elevated in the 
Progressive group relative to the control group, showing a 
1.5-fold increase compared to the Relapsing group. These 
findings indicate dynamic regulation of this pathway across 
different stages of MS.

The network illustrates statistically significant correla-
tions (P < 0.05) between bacterial species (square nodes) and 
metabolic pathways (circular nodes). Red nodes represent 
upregulated species or pathways, while blue nodes represent 
downregulated ones. Solid black lines indicate positive cor-
relations, whereas dashed black lines indicate negative cor-
relations. This visualization highlights the functional inter-
actions between gut microbiota and metabolic pathways in 
relation to the Relapsing and Progressive subtypes of MS.

Fig. 9   A Heatmap showing the scaled abundance of the top 15 KOs 
across Control, Progressive MS, and Relapsing MS groups. The rows 
represent individual KOs, while the columns denote individual sam-
ples. The color intensity indicates the scaled abundance of each KO, 
with red representing higher abundance and blue representing lower 

abundance. B Bar plot illustrating the P-values for the top 10 signifi-
cant KOs, comparing Progressive MS (red) and Relapsing MS (blue) 
to the control group. C KO_Name_in Progressive. D KO_Name_in 
Relapsing
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In Progressive MS, the upregulated pathways—FOLSYN-
PWY, POLYAMSYN-PWY, PWY-5005, PWY-5022, PWY-
6588, PWY-6608, PWY-6612, PWY-6628, PWY-6630, 
PWY-7003, and PWY-7254—are associated with immune 
modulation and neuroinflammation. These pathways show 
positive correlations with upregulated species such as Rom-
boutsia timonensis, Enterococcus faecium, and Intestinibac-
ter bartlettii, which may contribute to chronic inflamma-
tion. Conversely, negative correlations were observed with 
Gemmiger formicilis and Faecalibacterium duncaniae, both 
downregulated species known for their immunoregulatory 
roles. Their depletion may promote neuroinflammation and 
accelerate disease progression in Progressive MS (Fig. 10B).

In Relapsing MS, upregulated pathways HEMESYN2-
PWY, PWY-5022, and P125-PWY are positively correlated 
with species such as Blautia intestinalis and Blautia obeum, 
which are involved in immune modulation and maintenance 

of intestinal barrier integrity. Meanwhile, the downregulated 
pathways COLANSYN-PWY and PWY-6396 are associated 
with Faecalibacterium duncaniae, a species recognized for 
its anti-inflammatory properties (Fig. 10C).

Discussion

Microbial Diversity and Community Structure

In this study, we employed long-read sequencing to inves-
tigate the gut microbiome composition and functional 
potential in Egyptian patients with multiple sclerosis (MS), 
including both relapsing and progressive subtypes, com-
pared to healthy controls. Our analysis of microbial diversity 
indices revealed that MS patients exhibit increased species 
richness but decreased evenness, suggesting a microbial 

Fig. 10   A The mean proportions and differences in microbial com-
position between the Progressive and Relapsing groups compared to 
the Control group, with 95% confidence intervals indicating statisti-
cal significance. B Species-pathway correlation network in the Pro-
gressive MS Group. Edge thickness represents the strength of the 
correlation, with thicker edges indicating stronger correlations. Solid 

black lines = positive correlations, dashed green lines = negative cor-
relations. C Species-pathway correlation network in the Relapsing 
MS group. Similarly, edge thickness represents the strength of the 
correlation, with thicker edges indicating stronger correlations. Solid 
black lines = positive correlations, dashed green lines = negative cor-
relations
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imbalance driven by the overrepresentation of specific taxa. 
These findings are consistent with those of Ghimire et al. 
(2025) [24], who also observed increased richness in MS but 
with skewed distribution, implying dysbiosis. In contrast, 
other studies such as Miyake et al. (2015) observed a decline 
in overall α-diversity in MS, underscoring the heterogene-
ous and population-specific nature of microbial alterations 
associated with the disease [25]. This inconsistency may 
also be attributed to methodological differences, including 
sequencing platforms, target regions, and MS subtype rep-
resentation. Miyake et al. used 16S rRNA gene sequencing 
targeting the V1–V2 regions on the now-outdated Roche 454 
pyrosequencing platform, which provides limited taxonomic 
resolution and depth. In contrast, Ghimire et al. employed 
metagenomic shotgun sequencing (2 × 100 bp) using the 
DNBSEQ-G400 platform, offering higher resolution and a 
broader functional profile. Beyond methodological factors, 
regional dietary habits—such as higher intake of fiber, leg-
umes, and fermented foods in Egyptian diets—and climatic 
factors like increased sun exposure, which may influence 
vitamin D levels, could further impact gut microbiota com-
position. These region-specific influences likely contribute 
to the distinct microbial patterns observed in our cohort and 
emphasize the need for geographically diverse microbiome 
studies in MS. Similarly, studies from other non-Western 
populations—such as those conducted in Iran, India, and 
the broader Middle East—have reported microbial altera-
tions that partially overlap with our findings. These regions 
share comparable environmental exposures, including higher 
sunlight levels that influence vitamin D metabolism, and 
traditional dietary patterns rich in fiber, legumes, and fer-
mented foods. Such similarities may support the presence or 
preservation of SCFA-producing taxa and modulate immune 
responses differently than in Westernized settings. For exam-
ple, Faecalibacterium prausnitzii and Roseburia species 
were relatively preserved in Indian MS cohorts, aligning 
with trends observed in our Egyptian control group. In Ira-
nian patients, a reduction in Prevotella and enrichment of 
pro-inflammatory taxa like Escherichia were reported [26], 
patterns that closely resemble those in our Progressive MS 
group. These cross-regional parallels highlight the impor-
tance of considering geographic and lifestyle-related factors 
such as diet and sun exposure when interpreting microbiome 
shifts in MS across diverse populations.

β-Diversity analysis further confirmed significant 
structural differences among the Control, Relapsing MS, 
and Progressive MS groups. Distinct clustering patterns 
were evident through UniFrac-based analyses, with both 
weighted and unweighted metrics revealing differences in 
taxa abundance and composition. These findings are con-
sistent with studies by Jangi et al. (2016) and Berer et al. 
(2017) [27] [6], which highlighted microbiota shifts asso-
ciated with MS progression. The partial overlap observed 

between the Relapsing and Progressive groups suggests 
shared dysbiotic features contributing to MS pathogenesis.

Species‑Level Findings and Microbial Signatures

Taxonomic profiling revealed distinct compositional 
changes in gut microbiota across the three groups. The 
Control group was enriched in beneficial taxa, such as Fae-
calibacterium longum, Roseburia intestinalis, Faecalibac-
terium hattorii, Roseburia faecis, and Faecalibacterium 
prausnitzii. These species are known for maintaining gut 
barrier integrity, modulating immune responses, and pro-
ducing short-chain fatty acids (SCFAs) like butyrate [28]. 
Their reduction in both MS subtypes suggests a loss of 
protective microbial functions.

In the Progressive group, we observed increased abun-
dance of pro-inflammatory species such as Enterococcus 
faecium, Romboutsia timonensis, Enterococcus durans, 
and Intestinibacter bartlettii, indicating a shift toward 
a pro-inflammatory gut environment. Enterococcus fae-
cium, for example, is known to promote IL-6 and TNF-α 
production and has been linked to gut permeability and 
systemic inflammation [29]. It is also elevated in inflam-
matory bowel disease (IBD), a condition that shares 
immunopathological features with MS [30]. Likewise, 
Enterococcus durans can generate reactive oxygen spe-
cies (ROS), potentially exacerbating oxidative stress and 
neuroinflammation.

In contrast, several beneficial bacteria known for their 
anti-inflammatory and SCFA-producing roles were signifi-
cantly reduced in the Progressive MS group. These included 
Ruminococcus bromii, a keystone species for fiber degrada-
tion and butyrate production; Gemmiger formicilis, involved 
in immune modulation; and Faecalibacterium duncaniae, a 
commensal associated with regulatory immune functions. 
The depletion of Ruminococcus bromii may impair gut bar-
rier function and intensify inflammation [31]. Notably, both 
Faecalibacterium butyricigenerans and Faecalibacterium 
duncaniae were reduced in both Relapsing and Progres-
sive MS, suggesting compromised microbial regulation of 
inflammation. This compositional shift reflects a dysbiotic 
state characterized by a loss of SCFA producers, potentially 
leading to decreased butyrate, acetate, and propionate lev-
els. These SCFAs are essential for maintaining gut barrier 
integrity, regulating immune responses, and suppressing 
neuroinflammation. Such microbial depletion may weaken 
gut-immune signaling and contribute to increased disease 
activity and progression [32] Ling et al. (2020) reported that 
reduced SCFA levels were strongly associated with neuroin-
flammation in MS. Therefore, this microbial depletion may 
exacerbate disease severity by weakening gut-immune sign-
aling and promoting inflammation [33].
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Functional Interpretation: Metabolic and Pathway 
Shifts

Using PICRUSt2, we identified significant functional dif-
ferences in microbial communities between MS subtypes. 
To enhance interpretability, these changes were organ-
ized into key biological themes. In Progressive MS, we 
observed upregulation of several oxidative stress-related 
genes, including superoxide dismutase (K04564) and glu-
tamate dehydrogenase (K00681), both of which are known 
to promote reactive oxygen species (ROS) production and 
may exacerbate neuroinflammation [34] [35]. Additionally, 
ATP-dependent Clp protease (K06193), a gene implicated 
in bacterial stress responses, may further disrupt host-
microbiota signaling along the gut-brain axis.

Markers of increased transcriptional and metabolic 
activity were also elevated in Progressive MS. DNA 
gyrase (K03321) and 50S ribosomal protein L2 (K09773) 
suggest enhanced bacterial replication and protein syn-
thesis, potentially elevating antigenic stimulation of the 
host immune system. Upregulation of beta-galactosidase 
(K01011), which is involved in carbohydrate metabo-
lism, may contribute to altered gut metabolic profiles and 
increased mucosal inflammation [36].

Several inflammatory and immune-modulatory path-
ways, including FOLSYN-PWY, POLYAMSYN-PWY, 
PWY-5005, and PWY-5022, were enriched in Progressive 
MS. These pathways were primarily driven by pro-inflam-
matory species such as Romboutsia timonensis and Ente-
rococcus faecium, both of which are linked to cytokine 
activation and systemic inflammation. In contrast, the pro-
tective metabolic pathway PWY-6703, which is associated 
with metabolic resilience, was downregulated, potentially 
impairing homeostatic functions and accelerating disease 
progression [37].

In Relapsing MS, there was evidence of mitochondrial 
dysfunction and genomic instability, as indicated by the 
altered expression of genes such as pyruvate dehydro-
genase (K00105), DNA polymerase subunits (K03305, 
K07570), and RNA helicases (K07104). These disruptions 
are increasingly recognized as contributors to neurodegen-
erative processes in MS [38] [39]. Furthermore, pathways 
associated with immune modulation and oxidative stress, 
including HEMESYN2-PWY, PWY-6396, and P125-PWY, 
were enriched, whereas COLANSYN-PWY and PWY-6703 
were downregulated, suggesting reduced microbial capacity 
for metabolic adaptation and immune tolerance.

Notably, the inflammatory pathway PWY-5022 showed 
strong positive correlations with Blautia obeum, Blautia 
intestinalis, and Clostridium saudiense, linking specific 
microbial taxa to immune dysregulation and increased 
relapse risk. These observations underscore the functional 
divergence between Progressive and Relapsing MS and 

highlight the potential of microbial metabolic pathways as 
biomarkers and therapeutic targets.

Clinical Relevance and Implications

Our cohort included 43 individuals (10 controls, 20 Relaps-
ing MS, and 13 Progressive MS), with 67% females reflect-
ing the known gender bias in MS incidence. Matched age 
and BMI ranges (24–26) to minimize confounders such as 
age-related microbial variation and obesity-associated dys-
biosis. Correlations between microbial shifts and clinical 
indicators such as EDSS scores, total relapses, and disease 
duration suggest that microbiota composition could serve as 
a non-invasive biomarker for disease monitoring.

Montgomery et al. (2024) [40] demonstrated that gut 
microbiota signatures predict MS progression, while Cox 
et al. (2021) [34] reported associations between microbial 
taxa and disability severity. Our results reinforce these find-
ings: Clostridium saudiense and Enterococcus faecium 
correlated with higher EDSS scores, while Ruminococcus 
bromii abundance was linked to lower scores, implying a 
protective effect. This supports the role of specific bacteria 
in modulating disease severity.

Additionally, reduced SCFA production may dimin-
ish Treg function. Duscha et al. (2020) [41] showed that 
propionate supplementation in MS enhances Treg activity, 
highlighting the clinical relevance of maintaining SCFA-
producing microbiota. Thus, targeting microbial metabo-
lites or restoring beneficial taxa may offer new therapeutic 
avenues. The inclusion of family members as controls may 
introduce some degree of genetic or environmental similar-
ity. However, this was purposefully done to replicate shared 
lifestyle factors such as diet, housing, and geographic expo-
sure, thereby controlling for potential lifestyle-related con-
founders in gut microbiota composition.

Our findings highlight specific microbial taxa and func-
tional pathways that differ between MS subtypes, sug-
gesting potential clinical utility in disease monitoring and 
management. Notably, Enterococcus faecium, Rombout-
sia timonensis, and Clostridium saudiense were enriched 
in both RMS and PMS patients and were associated with 
pro-inflammatory profiles, whereas beneficial SCFA-pro-
ducing bacteria such as Faecalibacterium duncaniae and 
Ruminococcus bromii were consistently depleted. These 
shifts in microbial composition may reflect disease-spe-
cific immune dysregulation and neuroinflammatory states 
and thus could serve as non-invasive biomarkers to stratify 
MS subtypes or monitor disease progression. Furthermore, 
functional prediction analyses using PICRUSt2 revealed 
altered metabolic signatures in PMS, including pathways 
related to oxidative stress and immune dysfunction, such as 
increased expression of enzymes like superoxide dismutase 
and glutamate dehydrogenase. These findings support the 
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potential for microbiota-informed clinical strategies, includ-
ing personalized dietary modulation, probiotic or postbi-
otic interventions, or adjunct therapies aimed at restoring 
SCFA-producing communities and mitigating inflammation 
in progressive MS. Ultimately, our study contributes to the 
growing foundation for microbiota-targeted approaches in 
MS care, particularly for patients with rapid progression or 
limited response to standard immunotherapies.

Despite these insights, a key limitation of this study is the 
relatively small sample size, which may reduce the statistical 
power to detect subtle microbiota differences and limits the 
generalizability of the findings to the broader MS popula-
tion. Future studies with larger and more diverse cohorts are 
warranted to validate and extend these observations.

Conclusion

This study highlights profound alterations in microbial diver-
sity, composition, and function in MS, with distinct patterns 
in Progressive and Relapsing subtypes. Progressive MS is 
marked by pro-inflammatory taxa, functional enrichment of 
oxidative stress pathways, and loss of SCFA producers sup-
porting a neurodegenerative trajectory. Relapsing MS shows 
a mixed profile, with both inflammatory and compensatory 
anti-inflammatory features. These findings offer valuable 
insights into the gut-immune-CNS axis in MS and support 
microbiota-based strategies for diagnosis and intervention.
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