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Abstract

Alopecia areata (AA) is a chronic autoimmune disease characterized by non-scarring
hair loss, where pathogenesis is closely linked to the collapse of hair follicle immune
privilege and dysregulated T-cell responses. Increasing evidence suggests that gut dysbiosis
may contribute to systemic immune alterations relevant to autoimmune disorders, yet its
role in AA remains largely unexplored. In this study, we aimed to characterize the gut
microbiota composition of AA patients and evaluate its potential as a biomarker for disease
discrimination. Fecal samples from patients with AA and healthy controls were analyzed by
165 rRNA sequencing and processed through QIIME2 and MicrobiomeAnalyst platforms.
Diversity metrics, differential abundance, and microbial network correlations were assessed,
and supervised machine learning models were developed to classify AA versus control
profiles. Our results revealed distinct microbial signatures in AA, with enrichment of pro-
inflammatory genera such as Methanobrevibacter, Collinsella, and Ruminococcus gnavus, and
depletion of immunoregulatory commensals, including Faecalibacterium and Eubacterium
eligens group. Network analyses showed more complex microbial interactions in AA,
and Random Forest models achieved 92% accuracy in discriminating AA from controls.
These findings indicate that gut dysbiosis may play a role in AA pathogenesis, providing
potential diagnostic biomarkers and supporting microbiota-targeted interventions as future
therapeutic strategies.

Keywords: alopecia areata; microbiota; microbiome; gut microbiota

1. Introduction

Alopecia areata (AA) is a common, chronic autoimmune disorder characterized by
non-scarring hair loss that affects approximately 2% of the global population at some
point in their lifetime, with no clear predilection for sex or age [1-3]. The disease exerts
a substantial psychosocial burden, often associated with impaired quality of life, anxiety,
and depression [4]. From a pathogenic standpoint, AA is driven by the collapse of the hair
follicle immune privilege and the activation of autoreactive CD8" NKG2D* T lymphocytes,
accompanied by the release of interferon-y (IFN-y) and other pro-inflammatory cytokines
that perpetuate follicular damage [5-7].

Recent research has focused on the interplay between immunological, genetic, and
environmental factors in AA. Genome-wide association studies have implicated suscepti-
bility loci in both innate and adaptive immunity, including HLA, CTLA4, and genes of the
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JAK-STAT pathway [8,9]. Environmental factors such as psychological stress, infections,
and metabolic alterations have also been proposed as disease triggers [10]. Within this mul-
tifactorial context, the gut microbiota has emerged as a key regulator of systemic immunity
and a potential contributor to autoimmunity, including AA [11-13].

The gut microbiota regulates immune homeostasis through multiple mechanisms: the
production of metabolites such as short-chain fatty acids (SCFAs), induction of regulatory T
cells, modulation of intestinal barrier integrity, and signaling along the gut—skin axis [14-16].
Dysbiosis, defined as a disruption in the normal composition and function of the micro-
biota, has been associated with several autoimmune conditions, including systemic lupus
erythematosus, rheumatoid arthritis, and inflammatory bowel disease [17-20]. Despite this,
the contribution of intestinal dysbiosis to AA has only been superficially investigated, with
preliminary reports suggesting altered microbial profiles in affected patients [21-23].

The gut-skin axis hypothesis proposes that intestinal microbial changes can modulate
cutaneous inflammation either through microbial metabolites entering systemic circulation
or through the activation of mucosal immune responses with downstream peripheral
effects [24-26]. In dermatological disorders such as psoriasis, atopic dermatitis, and acne,
distinct intestinal microbial alterations have been documented [27-29], supporting the
plausibility of a similar contribution in AA.

Beyond its mechanistic relevance, microbiome profiling represents a promising non-
invasive source of biomarkers. Advances in 16S rRNA gene sequencing and multivari-
ate bioinformatics analyses allow for the identification of disease-specific microbial sig-
natures [30]. Furthermore, the integration of these datasets with artificial intelligence
(AI)-based classification models provides opportunities for developing diagnostic and
prognostic tools [31,32].

In this study, we aimed to comprehensively characterize the gut microbiota compo-
sition of patients with AA compared with healthy controls, using high-throughput se-
quencing and state-of-the-art bioinformatics approaches. We analyzed microbial diversity,
differential abundance, and co-occurrence networks, and we evaluated the performance of
supervised machine learning models for discriminating AA from control profiles. Through
this approach, we sought to elucidate the role of intestinal dysbiosis in AA pathogenesis
and explore its potential as a diagnostic biomarker and therapeutic target.

2. Materials and Methods
2.1. Data Acquisition

Clinical and demographic data were collected over a 24-week period in a cohort of pa-
tients with alopecia areata (AA). The study was conducted at the Centro Dermatolégico Es-
tético (Alicante, Spain) with approval from the Ethics Committee of the University Hospital
Vinalopé (Elche, Spain) and was registered at ClinicalTrials.gov (identifier: NCT05599607).
The control group of healthy volunteers was selected from a database owned by the Re-
search Center Boithas s.1., located in the city of Alicante, Spain, and the subjects were chosen
with age and gender similar to those of the cases.

A conceptual map showing the research workflow with each step linked to its expected
outcome is shown in Figure 1.

2.2. Clinical and Demographic Characteristics

Eligible participants were men and women aged > 18 years with a confirmed diagnosis
of AA, presenting at least two signs of active disease identified through trichoscopy. The
control group was healthy men and women aged > 18.

Demographic and clinical data of the 102 healthy volunteers are included in Table 1.
The mean age was 37 years, with an average BMI of 24.45 kg/m?. Nearly half of the
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population was women (51.96%). The prevalence of allergies and intolerances was low
(8.2% and 0.9%, respectively). A minority of participants reported previous pathologies,
mainly respiratory (4.5%), metabolic (2.7%), cardiovascular (1.8%), digestive (0.9%), skin
(0.9%), and uro-gynecological (0.9%).

Data acquisition
Alopecia Areata patients / Healthy controls
Stool sample collection

!

Sequencing (High-throughput)
DNA extraction, sequencing,
raw reads (FASTQ)

{

Bioinformatics preprocessing
Quality control, denoising, chimera removal feature table,
taxonomy assignment
Diversity/ASV table + taxonomy

!

Predictive modeling (Random Forest)
Train/validate, cross-validation,
performance metrics (AUROC, AUPRC),
feature importance
classification performance + important taxa

!

[ Classification ]

Figure 1. Study workflow.

Table 1. Demographic and clinical data of the volunteers included in the study.

Variable Value
Gender (Women), N (%) 53 (51.96%)
Age (years), Average £ SD 37 +£12
Weight (kg), Average £ SD 719 £129
Height (cm), Average + SD 171 +£9
BMI (kg/m?), Average + SD 24.45 4292
Allergies, N (%) 9 (8.18%)
Intolerances, N (%) 1 (0.91%)
Previous pathologies, N (%) 12 (10.91%)
Cardiovascular, N (%) 2 (1.82%)
Respiratory, N (%) 5 (4.54%)
Metabolic, N (%) 3 (2.73%)
Digestive, N (%) 1 (0.91%)
Skin, N (%) 1 (0.91%)
Gynecological /Uro-gynecological, N (%) 1 (0.91%)

Demographic and clinical data of the 19 alopecia areata patients included in the study
are shown in Table 2. Women represented the majority of the sample (68.42%), with a mean
age of 39.6 years and an average BMI of 25.9 kg/m?. Allergies were reported by 19.2% of
participants. The most frequent comorbidities were skin conditions (11.5%), followed by
metabolic (3.9%), digestive (3.9%), and gynecological disorders (3.9%).
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Table 2. Demographic and clinical data of the patients with alopecia areata included in the study.

Variable Value
Gender (Women), N (%) 13 (68.42%)
Age (years), Average £ SD 39.60 £ 12.59
Weight (kg), Average £ SD 71.62 £18.70
Height (cm), Average 4= SD 166.40 &= 7.80
BMI (kg/m?), Average + SD 259 + 6.9
Allergies, N (%) 5 (19.20%)
Intolerances, N (%) Not reported
Previous pathologies, N (%) Reported
Cardiovascular, N (%) Not reported
Respiratory, N (%) Not reported
Metabolic, N (%) 1 (3.85%)
Digestive, N (%) 1 (3.85%)
Skin, N (%) 3 (11.50%)
Gynecological /Uro-gynecological, N (%) 1 (3.85%)

2.3. Exclusion Criteria for Healthy Volunteers

Exclusion criteria included pregnancy or breastfeeding, use of topical or systemic
antifungals or antibiotics within the previous two weeks, and probiotic consumption
within two months prior to enrollment. All participants provided written informed consent
prior to data collection (Table 3).

Table 3. Exclusion criteria for healthy volunteers.

Exclusion Criterion

Chronic disease that, in the opinion of the investigator, contraindicates participation in
the study.

Body Mass Index greater than 30.

Acute illness within the last 3 months requiring steroid treatment.

Medical treatment or nutritional supplement that, in the opinion of the investigator,
could interfere with the study parameters.

Drug use or mild alcoholism (daily alcohol intake >20 g in women and >40 g in men).

Use of antibiotics and/or probiotics within the last 15 days.

Severe allergic diseases.

Inability to communicate with the investigator.

Pregnancy or breastfeeding.

2.4. Massive Genome Sequencing and Data Processing

Firstly, the intestinal bacterial composition in alopecia areata patients and volunteers
was analyzed by massive genome sequencing. The NGS was carried out following the
protocol provided by Illumina, which targets the amplification of the V3-V4 regions of the
165 rRNA. Taxonomic assignment was performed using the SILVA v132 database.138.2 as
of 11 July 2024.

Based on 16s rRNA, inspecting a mean of over 85,000 sequences per sample (raw
number of sequences), quality control of the raw data (FastQ files) was analyzed using
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FastQC software v-0.11.9 [33]. The analysis of the sequencing data was performed using
the QIIME2 v2023.7.0 bioinformatics software platform [34]. The DADAZ2 [35] denoising
algorithm was used for denoising, an open-reference clustering method was used to group
denoised reads into OTUs, and those were classified using a Naive Bayes algorithm against
the SILVA database [36]. The MicrobiomeAnalyst platform [37], in version 2.0, was used in
order to perform the post-processing (filtering and normalization) and microbial diversity
analysis. OTUs with fewer than 4 reads were removed, as well as those present in less
than 10% of the samples and those accounting for less than 5% of the measured variation
according to the interquartile range. Centered log-ratio (CLR) normalization was used for
microbial diversity analysis.

2.5. Analysis of the Microbial Communities and Comparisons

The composition of the microbial community was evaluated through the alpha and
beta diversity indices. The alpha diversity was measured using the observed richness
(Chaol), while diversity was measured with the Shannon index. A T-test analysis was also
used to determine in-depth differences in alpha diversity indices of microbial communi-
ties across different groups. On the other hand, beta diversity was measured using the
Bray-Curtis distance, and the statistical comparisons were evaluated using Permutational
multivariate analysis of variance (PERMANOVA), with a PCoA ordination method for
results visualization. Significant differences were noted when the p-value was less than 0.05.

In order to check whether the different confounders (sex, age, weight, etc.) can affect
the microbiota distribution, a Mantel test was performed. This test is a statistical analysis
used to evaluate the association or correlation between two data matrices in terms of
distances. Bray—Curtis distance was used to calculate the microbiome matrix.

In a second step, to identify those microorganisms whose abundances differed between
study conditions (Alopecia Areata vs. Healthy volunteers), the DESeq2 (version 1.42.1) [38]
algorithm was used, applying its default size factor normalization method to correct for
differences in sequencing depth. Microorganisms were selected among those that showed
statistically significant differences in abundance (FDR < 0.05) and fold changes above or
below £ 1. The microbiome data were analyzed at the genus level.

2.6. Network Correlation Analysis

The SparCC (Sparse Correlations for Compositional data) algorithm was used to
identify co-occurrence and correlation relationships among microorganisms present in
a community, while Cytoscape (version 3.9.1) and the Cytohubba tools were used for
the representation. The SparCC correlation method was applied, considering 100 per-
mutations, and retaining features with a correlation coefficient higher than 0.5 and
respective p-value < 0.05. To assess the topological importance of each node, two central-
ity metrics were applied: Degree, which quantifies the total number of connections for
each node, and the MCC (Maximal Clique Centrality) algorithm, which identifies nodes
involved in a greater number of maximal cliques (fully connected subgroups), reflecting
their structural relevance within the network.

2.7. IA Modelling

The information from microbial diversity and differential abundance analysis was
used to construct a supervised machine learning model capable of classifying unknown
samples as healthy or diseased (alopecia areata) based on their gut microbiota. Python
(version 3.10.12) and Scikit-learn library (version 1.2.0) [39] were used to create, train, and
validate the model, and several classification algorithms such as Support Vector Machine
(SVC), Decision Tree, Neural Net, Nearest-Neighbors, and Random Forest were tested, and
their classification capability was evaluated against each other. Eleven selected genera
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from TMM normalized reads were used, and alopecia areata and healthy samples were
randomly divided into two groups: train (80%, build the model) and validation (20%,
test the model). The Synthetic Minority Over-sampling Technique (SMOTE) algorithm
from Imbalanced-learn library [40] (version 0.14.0) was used due to the unbalanced dataset
(102 healthy samples and 19 alopecia samples) to complete the same number of training
healthy samples (81) with synthetic alopecia samples. This approach synthetically generates
new samples from the minority class based on the distance to their k-nearest neighbors
(k = 5) in feature space, resulting in a more balanced training dataset. Moreover, to avoid
overfitting, a cross-validation strategy was carried out to perform the training of the
models, using balanced accuracy as the precision score. A total of 10,200 models and their
parameters were tested and evaluated, each one executed 5 times for the cross-validation.

3. Results
3.1. Analysis of the Microbial Communities

An average of 8.593 165 rRNA gene reads per sample were analyzed using QIIME,
resulting in the identification of 1.319 operational taxonomic units (OTUs) at a 99.3%
identity level. After the filtering and selection process, 314 taxonomy-assigned OTUs were
acquired. An overall analysis revealed differences in the composition and abundance of
the microbiome of healthy controls and patients suffering from alopecia areata (AA). The
distribution of the 20 most representative genera (Figure 2A) revealed a decrease in the
relative proportion of bacterial genera from the families Oscillospiraceae and Ruminococcaceae,
such as Faecalibacterium in alopecia patients, while an increase in genera such as Blautia and
Dorea was observed compared to the control condition.

The analysis of alpha diversity showed no statistically significant differences in the
measure of richness using the Chaol index (p-value of 0.2136) or in the measure of diversity
using the Shannon index (p-value of 0.6923) (Figure 2B).

However, the measurement of beta diversity showed that there are significant differ-
ences in the microbial communities of healthy controls and patients with alopecia areata,
with a PERMANOVA F-value of 6.544 and an FDR-corrected p-value of 0.001 using Bray—
Curtis distance (Figure 2C).

These measures clearly reflect the significant role that microorganisms play in this type
of pathology. The onset of alopecia alters the relationships between the microorganisms in
the microbiome of patients. The objective of correlation networks is to identify potential
interactions between microbes that could represent mutualistic, commensal, parasitic, or
even competitive relationships. Unlike traditional linear correlation approaches, SPARCC
relies on the stability of correlations across subsets of data, which helps to reduce spurious
correlations caused by noise in the data. In any analysis of interactions and relationships,
the position and degree of interaction of the different nodes are important characteristics in
determining the relevance of that node within the study network.

At the genus level, healthy controls did not show many statistically significant cor-
relations among different bacterial genes, with only positive correlations between Chris-
tensenellaceae_R_7_group and UCG_005, or between Blautia and Anaerostipes (Figure 3A).
However, in patients with alopecia, a greater number of correlations among different
bacterial genera appear. This is particularly evident in patients with alopecia, where the
number of statistically significant correlations increases significantly compared to healthy
controls. Here, the analysis showed that the genera Family_XIII_AD3011_group, Methanobre-
vibacter, vadinBE97, Christensenellaceae_R_7_group, Eubacterium__ventriosum_group, Eubac-
terium__ruminantium_group, and Lachnospiraceae_UCG_004 are the main genera involved in
regulating these networks that form the patients” microbiome (Figure 3B).
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Figure 2. Microbial community profile in healthy individuals and patients with alopecia: (A) Bar
plot showing the microbiome composition at the genus level (percentage of abundance) in healthy
individuals and patients with alopecia. (B) Alpha diversity measured using the Chaol index (left) and
Shannon index (right) for each sample within the study groups: healthy individuals and patients with
alopecia. Statistical differences were assessed using the value of each index per sample and analyzed
by One-Way ANOVA, followed by Tukey’s test for multiple hypothesis correction. (C) Representation
of beta diversity for each microbial community using the Bray—Curtis index. Statistically significant
differences in beta diversity among the different pathologies were assessed by pairwise comparisons
using the PERMANOVA algorithm. Differences were considered statistically significant at p < 0.05
(p > 0.05 =ns).

(A)
g__Christense e_R_7_group g ia

(B)

Figure 3. Correlation networks among different microbial taxa identified using the SPARCC correlation
algorithm. Possible correlation relationships among different microbial taxa were defined at the genus



Cosmetics 2025, 12, 274

8 of 16

level: (A) healthy controls, (B) alopecia patients. The nodes were colored according to the phylum
to which they belong: cyan (Cyanobacteria), yellow (Actinobacteriota), orange (Verrucomicrobiota),
purple (Euryarchaeota), green (Firmicutes). Connections between the different nodes indicate the
degree of existing correlation. Blue connections indicate a positive correlation, while red connections
indicate a negative correlation. Additionally, the width of the connection line indicates the strength of
the correlation: a thicker line represents a stronger correlation between the nodes, whether positive
or negative. Correlations considered statistically significant for the study of the families were those

with a p-value < 0.05 and a correlation degree of £ 0.5.

The Mantel test revealed no statistically significant correlations between the confound-
ing factors (metadata variables) and the overall microbiome composition. In the AA group,
the strongest associations were observed for age (r = 0.16, p-value = 0.07) and weight
(r=0.24, p-value = 0.08).

3.2. Identification of the Microbial Features Associated with the Alopecia Areata Gut Microbiome

The central idea of DESeq_2 is to model the distributions of sequence counts (abun-
dances) and use statistical methods to detect significant differences in these abundances
between groups of samples. In this case, families and genera were selected as statistically
significant if they had an FDR < 0.05 and a Fold Change value (Log, Fold Change) > + 1.
The results obtained from comparing patients with alopecia to healthy controls showed a
very significant increase in the abundance levels of bacterial families such as Methanobacte-
riaceae, Coriobacteriaceae, Peptostreptococcaceae, and Eggerthellaceae. Conversely, two bacterial
families, Gastranaerophilales and Victivallaceae, had reduced presence (Figure 4A).

(A)
Alopecia patients vs. healthy patients: family analysis

f__Methanobacteriaceae
f__Coriobacteriaceae
f__Peptostreptococcaceae
f__Eggerthellaceae
f__Clostridiaceae
f__Bifidobacteriaceae
f__Coriobacteriales_Incertae_Sedis
f__Oscillospiraceae
f__Clostridia_vadinBB60_group
f_DTUO014

f__vadinBE97
f__Gastranaerophilales
f__Victivallaceae

IS
&
o
5
Q =+
o
&
a o
(@]
=
H
S
| =
5}
~
w
-

B
®) Alopecia patients vs. healthy patients: Genus analysis

g__[Ruminococcus]_gnavus_group
g__Methanobrevibacter
g__Senegalimassilia

g__Slackia

g__Collinsella

g__Terrisporobacter
g__Romboutsia

g__Intestinibacter
g__Clostridium_sensu_stricto_1
g__Bifidobacterium
g__Lachnospiraceae_FCS020_group
g__Blautia
g__[Ruminococcus]_torques_group
g__Family_XIII_AD3011_group
g__[Eubacterium]_hallii_group
g__Lachnospiraceae_NK4A136_group
g__NK4A214_group

g UCG-003

g_DTUO14

g__Colidextribacter

g__Moryella
g__[Eubacterium]_xylanophilum_group
g_CAG-352
g__Lachnospiraceae_UCG-001
g__Lachnoclostridium
g__Lachnospira
g__GCA-900066575
g__[Eubacterium]_eligens_group
g__Victivallis
g__Gastranaerophilales
g__[Eubacterium]_siraeum_group

IS
s
~
-

Log2 Fold Change

Figure 4. Differential abundance analysis of microorganisms using DESeq2 when comparing patients
with alopecia and healthy individuals: (A) Families showing significantly different abundance levels



Cosmetics 2025, 12, 274

9o0f 16

according to DESeq2 analysis. (B) Genera showing significantly different abundance levels according
to DESeq?2 analysis. A positive Fold Change value indicates a higher abundance in patients with
alopecia compared to healthy individuals, whereas a negative Fold Change value indicates increased
abundance in healthy individuals. Statistical changes were considered significant when FDR was
below 0.05, and the Fold Change was greater than 1 or less than —1.

At the genus level, the results showed significant increases in different bacterial
genera, among which [Ruminococcus]_gnavus_group, Methanobrevibacter, Senegalimassilia,
Slackia, and Collinsella are noteworthy. Additionally, other bacterial genera had diminished
their presence following the onset of the pathology, such as [Eubacterium]_eligens_group,
Victivallis, Gastranaerophilales, and [Eubacterium]_siraeum_group, primarily (Figure 4B).

3.3. IA Model Results

Using the information from the complete microbiome analysis above, 11 microorgan-
isms at the genus level were used as the entry for training a new supervised classification
model. Samples were normalized before microorganism selection using TMM. The best
classification results were obtained with a Random Forest Model, with a total number of
trees (estimators) of 50, with a max depth of 5. The cross-validation training score was
98.75%, and validation results are shown in Figure 5B and Supplementary Table S1.

(A) DATASET

o0 o0 o0 o0 o0 o0
Decision Tree - 1 Decision Tree -2 Decision Tree - N
Result -1 Result -2 Result - N

\ l /

[ Maijority voting/averaging I

|
SRR

(B)

20.0

Healthy

10.0

True label

Alopecia

Healthy Alopecia
Predicted label

Figure 5. (A) Conceptual diagram of the Random Forest classification model. Each tree is trained on
a random subset of data and features, and final predictions are determined by majority vote across all
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trees. Blue and red dots exemplify 2 different classes of samples, (B) Confusion matrix illustrating the
performance of the Random Forest classification model. The results are shown for both the training and
validation sets, indicating the number of instances correctly and incorrectly classified for each class.

4. Discussion

The present study provides the first comprehensive characterization of gut micro-
biome alterations in patients with alopecia areata (AA) using high-resolution 165 rRNA se-
quencing coupled with bioinformatics, microbial network inference, and machine learning
modeling. Our findings indicate that AA is associated with profound dysbiosis, involving
not only changes in the abundance of specific bacterial taxa but also disruption of ecological
interactions and predictive potential for disease classification. These results highlight the
gut microbiome as a critical component of the complex immunopathogenesis of AA and
support its potential utility as a non-invasive biomarker and therapeutic target.

Although no significant differences were detected in alpha diversity indices (Chaol
and Shannon), beta diversity analysis revealed a clear separation of microbial community
structures between AA patients and healthy controls. This is consistent with the notion that
autoimmune and inflammatory diseases often display a preserved within-sample diversity
but a distinct community composition, reflecting qualitative rather than purely quantitative
microbial changes [41,42]. For example, similar patterns have been reported in psoriasis [27],
systemic lupus erythematosus [43], and rheumatoid arthritis [18], suggesting that the type
and functional roles of microbes may be more critical than absolute diversity measures.

One of the most striking findings was the depletion of beneficial genera such as
Faecalibacterium and Eubacterium groups in AA patients. Faecalibacterium prausnitzii is a well-
recognized producer of butyrate, a short-chain fatty acid (SCFA) with anti-inflammatory
effects by modulating regulatory T cells and inhibiting NF-«kB signaling [44,45]. Reduced
abundance of Faecalibacterium has been consistently observed in Crohn’s disease [46],
ulcerative colitis [47], and psoriasis [27], and its depletion in AA may contribute to systemic
immune dysregulation and loss of tolerance. Similarly, depletion of Eubacterium species
may reduce SCFA production and compromise epithelial barrier integrity [48].

Conversely, AA patients exhibited enrichment of Collinsella, Blautia, Dorea, and
Methanobrevibacter. Collinsella has been implicated in promoting intestinal permeability and
pro-inflammatory cytokine production in rheumatoid arthritis and type 2 diabetes [20,49].
Likewise, Blautia and Dorea, members of the Lachnospiraceae family, have been associated
with metabolic inflammation and altered bile acid metabolism [50,51]. Methanobrevibacter,
an archaeon responsible for methane production, was also markedly enriched. Previous
studies have linked methanogenic archaea with delayed intestinal transit and increased
production of hydrogen and methane, which may influence host immune responses [52,53].
The consistent enrichment of these taxa across autoimmune diseases suggests a shared
dysbiotic signature that predisposes to chronic immune activation.

Network analysis revealed that AA patients displayed an increased number and
complexity of microbial correlations compared to healthy controls. While healthy indi-
viduals showed sparse and stable networks dominated by positive associations between
commensals, AA patients exhibited dense networks with multiple hub taxa, including
Methanobrevibacter, Christensenellaceae R-7 group, and Eubacterium ventriosum group. The
emergence of such complex networks may indicate ecological instability and compensatory
microbial interactions in response to host inflammation [54,55]. Network-based approaches
have recently been used to identify keystone taxa in autoimmune diseases, demonstrating
that certain microbes exert disproportionate effects on ecosystem stability and host phys-
iology [56]. Our findings suggest that hub taxa in AA may play critical roles in disease
pathogenesis and could represent novel therapeutic targets.
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DESeq2 analysis confirmed the enrichment of Ruminococcus gnavus, Collinsella, and
Methanobrevibacter in AA patients. Ruminococcus gnavus is known to produce inflammatory
polysaccharides that promote TNF-« secretion and have been strongly linked to Crohn’s
disease and systemic lupus erythematosus [57]. Its expansion in AA may contribute to
activation of Th17 pathways, which are central to AA immunopathology [58]. Similarly,
Collinsella has been shown to enhance IL-17A production and disrupt epithelial tight
junctions [59]. Together, these findings suggest that microbial alterations in AA may drive
disease through mechanisms involving increased intestinal permeability, altered metabolite
production, and skewing of T cell responses.

Interestingly, families such as Victivallaceae and Gastranaerophilales were reduced in
AA. These groups, although poorly characterized, have been associated with saccharolytic
metabolism and SCFA production [59]. Their depletion further supports the hypothesis of
reduced anti-inflammatory microbial functions in AA.

The application of supervised machine learning in our data demonstrated that mi-
crobial signatures can robustly distinguish AA patients from healthy controls, achieving
>90% accuracy in validation. Notably, the Random Forest model highlighted Collinsella
and Methanobrevibacter as the most influential taxa for classification. This aligns with their
consistent enrichment in AA and their mechanistic plausibility in promoting inflammation.
Previous studies have successfully applied ML to classify patients with IBD, psoriasis, and
rheumatoid arthritis based on microbiome features [60-62]. Our results extend this ap-
proach to AA, suggesting that gut microbiome-based classifiers may serve as non-invasive
diagnostic tools in clinical practice. In particular, our results outline the principle of the
test: microbiome-derived features combined with AI/ML classifiers can deliver an objec-
tive diagnostic readout that may assist clinicians at early disease stages, and—pending
validation—offer a basis for future severity stratification.

Alopecia areata is driven by a collapse of hair-follicle immune privilege with a CD8*
NKG2D* T-cell-mediated attack amplified by Th1/IFN-y and JAK-STAT signaling, along-
side contributions from the Th17/IL-17/IL-23 axis within a perifollicular inflammatory
milieu. In this framework, microbiome perturbations that reduce short-chain fatty acids
and epithelial-barrier support, or that enrich taxa linked to pro-inflammatory metabolisms,
could promote Th1/Th17 skewing and facilitate follicular inflammation. Our findings—
taxonomic shifts, altered co-occurrence networks, and AI/ML features that discriminate
AA—are consistent with a gut-immune pathway capable of modulating these CD8* /Th17-
centric mechanisms. Therefore, we interpret the observed dysbiosis as a potential immune
amplifier rather than a sole cause, and we outline prospective studies to test causal links
and therapeutic modulation within this immune framework [63,64]. The gut microbiome
has emerged as a key regulator of systemic immunity, influencing differentiation of Tregs,
Th17 cells, and NK cell activity [65]. Dysbiosis, characterized by loss of SCFA producers
and expansion of pro-inflammatory taxa, can skew this balance toward autoimmunity. In
murine models, transplantation of dysbiotic microbiota can trigger alopecia and exacerbate
autoimmune phenotypes [66]. Although causality remains to be proven in humans, our
findings support the hypothesis that gut dysbiosis may act as a trigger or amplifier of AA
immune responses.

The identification of distinct microbial signatures in AA has several translational impli-
cations. First, microbial biomarkers could be integrated into multiomic panels combining
genomics, transcriptomics, and metabolomics for precision diagnosis and risk stratifica-
tion. Second, microbiome-targeted interventions such as dietary modulation, probiotics,
prebiotics, and fecal microbiota transplantation (FMT) could be explored as adjunctive
therapies. For instance, supplementation with butyrate-producing probiotics has shown
promise in restoring Treg function in autoimmune conditions, while FMT has demonstrated
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efficacy in recurrent Clostridioides difficile infection and is under investigation for IBD [67].
Controlled trials will be necessary to assess their efficacy and safety in AA.

5. Conclusions

In summary, this study demonstrates that alopecia areata is associated with significant
gut microbiome alterations, including depletion of beneficial SCFA-producing taxa, enrich-
ment of pro-inflammatory genera, and disruption of microbial networks. A set of eleven
bacterial genera, including Blautia, Collinsella, and Bifidobacterium, was sufficient to
construct a Random Forest-based classification model capable of distinguishing microbiota
samples from AA patients and healthy controls with an accuracy of 92%. These microbial
signatures were sufficient to classify AA patients with high accuracy using machine learn-
ing approaches, underscoring their potential as diagnostic biomarkers. This high predictive
performance underscores the strong association between gut microbiome composition
and the disease. Our findings highlight the relevance of the gut-immune—skin axis in AA
pathogenesis and open new avenues for microbiome-based interventions. Further studies
integrating multiomic approaches and interventional trials will be crucial to translate these
findings into clinical applications.

Taken together, these findings support the future development of an objective,
microbiome-based diagnostic aid for the early identification of alopecia areata. With
external, multicenter validation, model outputs could also support clinical stratification
by disease severity and inform patient management. The main achievements of this study
include the following: (i) we developed the first application of predictive modeling to AA
microbiome data to quantify diagnostic performance with cross-validated metrics; (ii) the
identification of biologically plausible microbial features and network disruptions that
discriminate AA from controls, providing testable mechanistic hypotheses.

Several limitations should be acknowledged. The relatively small sample size, par-
ticularly of AA patients, may limit generalizability and statistical power. Dietary intake
and lifestyle factors were not extensively controlled, and these could influence microbiome
composition. The 16S rRNA sequencing, while informative, lacks species- and strain-
level resolution and does not capture functional potential, which could be addressed by
metagenomics and metabolomics. The study does not have a standardization of systemic
inflammatory markers of patients, and this was assessed by clinical trichoscopy. Finally,
the cross-sectional design precludes causal inference. Longitudinal studies and mechanistic
experiments are needed to establish whether dysbiosis precedes disease onset or results
from immune dysregulation.

Despite these limitations, our study provides novel insights into the gut microbiome in
AA and lays the foundation for future research exploring causal mechanisms and therapeu-
tic interventions. These limitations will be addressed in future studies through prospective,
multicenter validation; shotgun metagenomics/metabolomics for higher resolution; in-
clusion of standardized serum inflammatory panels; and longitudinal designs to confirm
generalizability, assess causality, and define clinical utility.

Supplementary Materials: The following supporting information can be downloaded at: https:
/ /www.mdpi.com/article/10.3390/cosmetics12060274/s1.

Author Contributions: Conceptualization, V.N.-L.; methodology, FH.-L., and C.C.-D.; software,
FEH.-L.,, DM.-M., and EM.S.-L.; validation, A.A.-G.; formal analysis, FH.-L., C.C.-D., D.M.-M., and
E.M.S.-L.; investigation, V.N.-L.; resources, V.N.-L.; data curation, C.C.-D.; writing—original draft
preparation, AA-G.and VN.-L.; writing—review and editing, FH.-L., M.M.-V,, and C.C.-D.; visual-
ization, A.A.-G., EH.-L.,, M.M.-V,, C.C.-D. and V.N.-L.; supervision, A.A.-G.; project administration,


https://www.mdpi.com/article/10.3390/cosmetics12060274/s1
https://www.mdpi.com/article/10.3390/cosmetics12060274/s1

Cosmetics 2025, 12,274 13 of 16

VIN.-L., MM.-V,, and A.A.-G.; funding acquisition, V.N.-L. All authors have read and agreed to the
published version of the manuscript.

Funding: This clinical trial was sponsored by Bionou Research S.L. The study received the grant
IMIDTA /2020/92 from the Valencian Institute of Business Competitiveness (Instituto Valenciano de
Competitividad Empresarial, IVACE).

Institutional Review Board Statement: The study was conducted in accordance with the Declaration
of Helsinki and approved on 24 February 2021 by the Research Ethic Committee of University
Hospital Vinalopé (Elche, Spain), protocol code ALO.PRO.

Informed Consent Statement: Informed consent was obtained from all subjects involved in the study.

Data Availability Statement: The data presented in this study are available on request from the
corresponding author. The data are not publicly available due to privacy restrictions.

Acknowledgments: During the preparation of this manuscript, authors A.A.-G. and M.M.-V. used
Chat GPT 5.1 version exclusively for the purposes of designing Tables 1-3 and Figures 1 and 5.
The authors have reviewed and edited the output and take full responsibility for the content of
this publication.

Conflicts of Interest: The authors declare that the research was conducted in the absence of any
commercial or financial relationships that could be construed as a potential conflict of interest. The
funders had no role in the design of the study; in the collection, analyses or interpretation of data; in
the writing of the manuscript; or in the decision to publish the results.

References

1. Villasante Fricke, A.C.; Miteva, M. Epidemiology and burden of alopecia areata: A systematic review. Clin. Cosmet. Investig.
Dermatol. 2015, 8, 397-403. [CrossRef]

2. Pratt, C.H; King, L.E.; Messenger, A.G.; Christiano, A.M.; Sundberg, ].P. Alopecia areata. Nat. Rev. Dis. Primers 2017, 3, 17011.
[CrossRef]

3. Lee, H.H.; Gwillim, E; Patel, K.R.; Hua, T.; Rastogi, S.; Ibler, E.; Silverberg, ].I. Epidemiology of alopecia areata, ophiasis, totalis,
and universalis: A systematic review and meta-analysis. JAMA Dermatol. 2020, 156, 787-794. [CrossRef] [PubMed]

4. Ghalamkarpour, F.; Araghi, F; Tabari, M.; Moslemi Haghighi, S.; Pourgholi, E. Comparing quality of life, anxiety, depression, sleep
disturbance, and associated factors in vitiligo and alopecia areata patients. |. Cosmet. Dermatol. 2024, 23, 1808-1815. [CrossRef]
[PubMed]

5. Lensing, M.; Jabbari, A. An overview of JAK/STAT pathways and JAK inhibition in alopecia areata. Front. Immunol. 2022,
13, 955035. [CrossRef]

6.  Sanchez-Pellicer, P; Navarro-Moratalla, L.; Nuafiez-Delegido, E.; Agiiera-Santos, J.; Navarro-Lépez, V. How Our Microbiome
Influences the Pathogenesis of Alopecia Areata. Genes 2022, 13, 1860. [CrossRef] [PubMed]

7. Dai, Z,; Xing, L.; Cerise, J.; Wang, E.H.C.; Jabbari, A.; de Jong, A.; Petukhova, L.; Christiano, A.M.; Clynes, R. CXCR3 blockade
inhibits T cell migration into the skin and prevents development of alopecia areata. J. Immunol. 2016, 197, 1089-1099. [CrossRef]

8. Basmanav, E.B.; Betz, R.C. Recent advances in the genetics of alopecia areata. Med. Genet. 2023, 35, 15-22. [CrossRef]

9.  McDonagh, A.]J.G.; Tazi-Ahnini, R. Epidemiology and genetics of alopecia areata. Clin. Exp. Dermatol. 2002, 27, 405-409.
[CrossRef]

10. Sibbald, C. Alopecia Areata: An Updated Review for 2023. |. Cutan. Med. Surg. 2023, 27, 241-259. [CrossRef]

11.  Lynch, S.V.; Pedersen, O. The human intestinal microbiome in health and disease. N. Engl. |. Med. 2016, 375, 2369-2379. [CrossRef]
[PubMed]

12.  Belkaid, Y.; Harrison, O.]. Homeostatic immunity and the microbiota. Immunity 2017, 46, 562-576. [CrossRef]

13. Honda, K;; Littman, D.R. The microbiota in adaptive immune homeostasis and disease. Nature 2016, 535, 75-84. [CrossRef]

14. Koh, A.; De Vadder, F; Kovatcheva-Datchary, P.; Backhed, F. From dietary fiber to host physiology: Short-chain fatty acids as key
bacterial metabolites. Cell 2016, 165, 1332-1345. [CrossRef] [PubMed]

15.  Kim, C.H. Complex regulatory effects of gut microbial short-chain fatty acids on immune tolerance and autoimmunity. Cell. Mol.
Immunol. 2023, 20, 341-350. [CrossRef]

16. Rooks, M.G.; Garrett, W.S. Gut microbiota, metabolites and host immunity. Nat. Rev. Immunol. 2016, 16, 341-352. [CrossRef]


https://doi.org/10.2147/ccid.s53985
https://doi.org/10.1038/nrdp.2017.11
https://doi.org/10.1016/j.jaad.2019.08.032
https://www.ncbi.nlm.nih.gov/pubmed/31437543
https://doi.org/10.1111/jocd.16158
https://www.ncbi.nlm.nih.gov/pubmed/38169098
https://doi.org/10.3389/fimmu.2022.955035
https://doi.org/10.3390/genes13101860
https://www.ncbi.nlm.nih.gov/pubmed/36292745
https://doi.org/10.4049/jimmunol.1501798
https://doi.org/10.1515/medgen-2023-2004
https://doi.org/10.1046/j.1365-2230.2002.01077.x
https://doi.org/10.1177/12034754231168839
https://doi.org/10.1056/NEJMra1600266
https://www.ncbi.nlm.nih.gov/pubmed/27974040
https://doi.org/10.1016/j.immuni.2017.04.008
https://doi.org/10.1038/nature18848
https://doi.org/10.1016/j.cell.2016.05.041
https://www.ncbi.nlm.nih.gov/pubmed/27259147
https://doi.org/10.1038/s41423-023-00987-1
https://doi.org/10.1038/nri.2016.42

Cosmetics 2025, 12,274 14 of 16

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

de Oliveira, D.G.; Machado, A.; Castro Lacerda, P.; Karakikla-Mitsakou, Z.; Vasconcelos, C. Systemic lupus erythematosus and
the gut microbiome: To look forward is to look within—A systematic review and narrative synthesis. Autoimmun. Rev. 2025,
24,103921. [CrossRef]

Zhang, X.; Zhang, D.; Jia, H.; Feng, Q.; Wang, D.; Liang, D.; Wu, X; Li, J.; Tang, L.; Li, Y.; et al. The oral and gut microbiomes are
perturbed in rtheumatoid arthritis and partly normalized after treatment. Nat. Med. 2015, 21, 895-905. [CrossRef]

de Oliveira, G.L.V,; Leite, A.Z.; Higuchi, B.S.; Gonzaga, M.I.; Mariano, V.S. Intestinal dysbiosis and probiotic applications in
autoimmune diseases. Immunology 2017, 152, 1-12. [CrossRef]

Chen, J.; Wright, K,; Davis, ] M.; Jeraldo, P.; Marietta, E.V.; Murray, J.; Nelson, H.; Matteson, E.L.; Taneja, V. An expansion of rare
lineage intestinal microbes characterizes rheumatoid arthritis. Genome Med. 2016, 8, 43. [CrossRef] [PubMed]

Polak-Witka, K.; Rudnicka, L.; Blume-Peytavi, U.; Vogt, A. The role of the microbiome in scalp hair follicle biology and disease.
Exp. Dermatol. 2020, 29, 286-294. [CrossRef] [PubMed]

De Pessemier, B.; Grine, L.; Debaere, M.; Maes, A.; Paetzold, B.; Callewaert, C. Gut-skin axis: Current knowledge of the
interrelationship between microbial dysbiosis and skin conditions. Microorganisms 2021, 9, 353. [CrossRef]

Navarro-Lépez, V.; Nufez-Delegido, E.; Ruzafa-Costas, B.; Sdnchez-Pellicer, P.; Agiiera-Santos, J.; Navarro-Moratalla, L. Probiotics
in the Therapeutic Arsenal of Dermatologists. Microorganisms 2021, 9, 1513. [CrossRef]

Salem, I.; Ramser, A.; Isham, N.; Ghannoum, M.A. The gut microbiome as a major regulator of the gut—skin axis. Front. Microbiol.
2018, 9, 1459. [CrossRef]

O'Neill, C.A.; Monteleone, G.; McLaughlin, J.T.; Paus, R. The gut-skin axis in health and disease: A paradigm with therapeutic
implications. BioEssays 2016, 38, 1167-1176. [CrossRef] [PubMed]

Szanté, M.; Dézsa, A.; Antal, D.; Szabé, K.; Kemény, L.; Bai, P. Targeting the gut-skin axis—Probiotics as new tools for skin
disorder management? Exp. Dermatol. 2019, 28, 1210-1218. [CrossRef]

Hidalgo-Cantabrana, C.; Gémez, ].; Delgado, S.; Requena-Lépez, S.; Queiro-Silva, R.; Margolles, A.; Coto, E.; Sdnchez, B.;
Coto-Segura, P. Gut microbiota dysbiosis in a cohort of patients with psoriasis. Br. J. Dermatol. 2019, 181, 1287-1295. [CrossRef]
Codorier, EM.; Ramirez-Bosca, A.; Climent, E.; Carrién-Gutierrez, M.; Guerrero, M.; Pérez-Orquin, ].M.; de la Parte, ].H.; Genovés,
S.; Ramon, D.; Navarro-Lépez, V.; et al. Gut microbial composition in patients with psoriasis. Sci. Rep. 2018, 8, 3812. [CrossRef]
Yan, HM.; Zhao, H].; Guo, D.Y.; Zhu, P.Q.; Zhang, C.L.; Jiang, W. Gut microbiota alterations in moderate to severe acne vulgaris
patients. J. Dermatol. 2018, 45, 1166-1171. [CrossRef]

Knight, R.; Vrbanac, A.; Taylor, B.C.; Aksenov, A.; Callewaert, C.; Debelius, J.; Gonzalez, A.; Kosciolek, T.; McCall, L.I.; McDonald,
D.; et al. Best practices for analysing microbiomes. Nat. Rev. Microbiol. 2018, 16, 410-422. [CrossRef] [PubMed]

Topguoglu, B.D.; Lesniak, N.A.; Ruffin, M.T.; Wiens, J.; Schloss, P.D. A framework for effective application of machine learning to
microbiome-based classification problems. mBio 2020, 11, e00434-20. [CrossRef]

Wirbel, J.; Pyl, PT.,; Kartal, E.; Zych, K.; Kashani, A.; Milanese, A.; Fleck, J.; Voigt, A.Y.; Palleja, A.; Ponnudurai, R.; et al.
Meta-analysis of fecal metagenomes reveals global microbial signatures that are specific for colorectal cancer. Nat. Med. 2019, 25,
679-689. [CrossRef] [PubMed]

FastQC: A Quality Control Tool for High Throughput Sequence Data. Available online: http:/ /www.bioinformatics.babraham.ac.
uk/projects/fastqc (accessed on 26 November 2025).

Bolyen, E.; Rideout, J.R.; Dillon, M.R.; Bokulich, N.A.; Abnet, C.C.; Al-Ghalith, G.A.; Alexander, H.; Alm, E.J.; Arumugam, M.;
Asnicar, F; et al. Reproducible, interactive, scalable and extensible microbiome data science using QIIME 2. Nat. Biotech. 2019, 37,
852-857. [CrossRef] [PubMed]

Callahan, B.J.; McMurdie, PJ.; Rosen, M.]J.; Han, A.W.; Johnson, A.J.A.; Holmes, S.P. DADAZ2: High-resolution sample inference
from Illumina amplicon data. Nat. Methods 2016, 13, 581-583. [CrossRef]

Quast, C.; Pruesse, E.; Yilmaz, P.; Gerken, ].; Schweer, T.; Yarza, P,; Peplies, ].; Glockner, FO. The SILVA ribosomal RNA gene
database project: Improved data processing and web-based tools. Nucleic Acids Res. 2013, 41, D590-D596. [CrossRef]

Lu, Y;; Zhou, G.; Ewald, J.; Pang, Z.; Shiri, T.; Xia, ]. MicrobiomeAnalyst 2.0: Comprehensive statistical, functional and integrative
analysis of microbiome data. Nucleic Acids Res. 2023, 51, W310-W318. [CrossRef]

Love, M.I,; Huber, W.; Anders, S. Moderated estimation of fold change and dispersion for RNA-seq data with DESeq2. Genome
Biol. 2014, 15, 550. [CrossRef] [PubMed]

Pedregosa, F.; Varoquaux, G.; Gramfort, A.; Michel, V.; Thirion, B.; Grisel, O.; Duchesnay, E. Scikit-learn: Machine learning in
Python. J. Mach. Learn. Res. 2011, 12, 2825-2830.

LemaAZtre, G.; Nogueira, F.; Aridas, C.K. Imbalanced-learn: A python toolbox to tackle the curse of imbalanced datasets in
machine learning. J. Mach. Learn. Res. 2017, 18, 1-5.

Islam, M.Z.; Tran, M.; Xu, T.; Tierney, B.T.; Patel, C.; Kostic, A.D. Reproducible and opposing gut microbiome signatures
distinguish autoimmune diseases and cancers: A systematic review and meta-analysis. Microbiome 2022, 10, 218. [CrossRef]
Mosca, A.; Leclerc, M.; Hugot, J.P. Gut microbiota diversity and human diseases: Should we reintroduce key predators in our
ecosystem? Front. Microbiol. 2016, 7, 455. [CrossRef]


https://doi.org/10.1016/j.autrev.2025.103921
https://doi.org/10.1038/nm.3914
https://doi.org/10.1111/imm.12765
https://doi.org/10.1186/s13073-016-0299-7
https://www.ncbi.nlm.nih.gov/pubmed/27102666
https://doi.org/10.1111/exd.13935
https://www.ncbi.nlm.nih.gov/pubmed/30974503
https://doi.org/10.3390/microorganisms9020353
https://doi.org/10.3390/microorganisms9071513
https://doi.org/10.3389/fmicb.2018.01459
https://doi.org/10.1002/bies.201600008
https://www.ncbi.nlm.nih.gov/pubmed/27554239
https://doi.org/10.1111/exd.14016
https://doi.org/10.1111/bjd.17931
https://doi.org/10.1038/s41598-018-22125-y
https://doi.org/10.1111/1346-8138.14586
https://doi.org/10.1038/s41579-018-0029-9
https://www.ncbi.nlm.nih.gov/pubmed/29795328
https://doi.org/10.1128/mBio.00434-20
https://doi.org/10.1038/s41591-019-0406-6
https://www.ncbi.nlm.nih.gov/pubmed/30936547
http://www.bioinformatics.babraham.ac.uk/projects/fastqc
http://www.bioinformatics.babraham.ac.uk/projects/fastqc
https://doi.org/10.1038/s41587-019-0209-9
https://www.ncbi.nlm.nih.gov/pubmed/31341288
https://doi.org/10.1038/nmeth.3869
https://doi.org/10.1093/nar/gks1219
https://doi.org/10.1093/nar/gkad407
https://doi.org/10.1186/s13059-014-0550-8
https://www.ncbi.nlm.nih.gov/pubmed/25516281
https://doi.org/10.1186/s40168-022-01373-1
https://doi.org/10.3389/fmicb.2016.00455

Cosmetics 2025, 12,274 15 of 16

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.
65.

Pan, Q.; Guo, F; Huang, Y.; Li, A.; Chen, S.; Chen, J.; Liu, H.; Pan, Q. Gut microbiota dysbiosis in systemic lupus erythematosus:
Novel insights into mechanisms and promising therapeutic strategies. Front. Immunol. 2021, 12, 799788. [CrossRef] [PubMed]
Louis, P; Flint, H.J. Formation of propionate and butyrate by the human colonic microbiota. Environ. Microbiol. 2017, 19, 29-41.
[CrossRef]

Furusawa, Y.; Obata, Y.; Fukuda, S.; Endo, T.A.; Nakato, G.; Takahashi, D.; Nakanishi, Y.; Uetake, C.; Kato, K.; Kato, T.;
et al. Commensal microbe-derived butyrate induces the differentiation of colonic regulatory T cells. Nature 2013, 504, 446—450.
[CrossRef]

Mclellan, P.; Auger, S.; Goudiaby, M.T.; Brot, L.; Benech, N.; Grill, ].P.; Bourrier, A.; Mariat, D.; Mayeur, C.; Thomas, M.; et al.
Faecalibacterium diversity in the gut microbiome of Crohn’s disease patients. United Eur. Gastroenterol. |. 2025, 13, 1480-1490.
[CrossRef] [PubMed]

Chen, H.T.; Huang, H.L.; Xu, H.M.; Luo, Q.L.; He, J.; Li, Y.Q.; Zhou, Y.L.; Nie, Y.Q.; Zhou, Y.J. Fecal microbiota transplantation
ameliorates active ulcerative colitis by reshaping the gut microbiota and restoring the abundance of Faecalibacterium prausnitzii.
Exp. Ther. Med. 2020, 19, 2650-2660. [CrossRef]

Kostic, A.D.; Laly, M.; Segata, N.; Rubin, T.; Helley, D.; Knight, R.; Avila-Pacheco, J.; Cheng, J.; Gern, J.; Kumar, A.; et al. The
dynamics of the human infant gut microbiome in development and in progression toward type 1 diabetes. Cell Host Microbe 2015,
17,260-273. [CrossRef]

Deli, C.K,; Fatouros, I.G.; Poulios, A.; Liakou, C.A.; Draganidis, D.; Papanikolaou, K.; Rosvoglou, A.; Gatsas, A.; Georgakouli, K.;
Tsimeas, P; et al. Gut microbiota in the progression of type 2 diabetes and the potential role of exercise: A critical review. Life
2024, 14, 1016. [CrossRef]

Agus, A.; Clément, K.; Sokol, H. Gut microbiota-derived metabolites as central regulators in metabolic disorders. Gut Microbes
2021, 13, 1-20. [CrossRef]

Fleishman, J.S.; Kumar, S. Bile acid metabolism and signaling in health and disease: Molecular mechanisms and therapeutic
targets. Signal Transduct. Target. Ther. 2024, 9, 97. [CrossRef] [PubMed]

Wawrzeniczyk, A.; Czarnowska, M.; Darwish, S.; Cwirko—Godycka, A.; Lis, K,; Szota, M.; Treichel, P; Wojtkiewicz, A.;
Napiérkowska-Baran, K. Methane, bacteria, fungi, and fermentation: Pathophysiology, diagnosis and treatment strategies
for small intestinal bacterial overgrowth, intestinal methanogen overgrowth and small intestinal fungal overgrowth. Curr. Issues
Mol. Biol. 2025, 47,713. [CrossRef] [PubMed]

Kuehnast, T.; Kumpitsch, C.; Mohammadzadeh, R.; Weichhart, T.; Moissl-Eichinger, C.; Heine, H. Exploring the human archaeome:
Its relevance for health and disease, and its complex interplay with the human immune system. FEBS ]. 2025, 292, 1316-1329.
[CrossRef]

Coyte, K.Z.; Schluter, J.; Foster, K.R. The ecology of the microbiome: Networks, competition, and stability. Science 2015, 350,
663-666. [CrossRef] [PubMed]

Banerjee, S.; Schlaeppi, K.; van der Heijden, M.G.A. Keystone taxa as drivers of microbiome structure and functioning. Nat. Rev.
Microbiol. 2018, 16, 567-576. [CrossRef]

Henke, M.T.; Kenny, D.J.; Cassilly, C.D.; Vlamakis, H.; Xavier, R.].; Clardy, J. Ruminococcus gnavus, a member of the human gut
microbiome associated with Crohn’s disease, produces an inflammatory polysaccharide. Proc. Natl. Acad. Sci. USA 2019, 116,
12672-12677. [CrossRef]

Zalila-Kolsi, I.; Dhieb, D.; Osman, H.A.; Mekideche, H. The Gut Microbiota and Colorectal Cancer: Understanding the Link and
Exploring Therapeutic Interventions. Biology 2025, 14, 251. [CrossRef]

Almeida, A.; Mitchell, A.L.; Boland, M.; Forster, S.C.; Gloor, G.B.; Tarkowska, A.; Lawley, T.D.; Finn, R.D. A new genomic
blueprint of the human gut microbiota. Nature 2019, 568, 499-504. [CrossRef]

Pasolli, E.; Truong, D.T.; Malik, F.,; Waldron, L.; Segata, N. Machine Learning Meta-analysis of Large Metagenomic Datasets: Tools
and Biological Insights. PLoS Comput. Biol. 2016, 12, €1004977. [CrossRef] [PubMed]

Scher, J.U.; Sczesnak, A.; Longman, R.S; Segata, N.; Ubeda, C.; Bielski, C.; Rostron, T.; Cerundolo, V.; Pamer, E.G.; Abramson, S.B.;
et al. Expansion of intestinal Prevotella copri correlates with enhanced susceptibility to arthritis. Elife 2013, 2, €01202. [CrossRef]
Tito, RY.; Cypers, H.; Joossens, M.; Varkas, G.; Van Praet, L.; Glorieus, E.; Van den Bosch, F.; De Vos, M.; Raes, J.; Elewaut, D. Brief
Report: Dialister as a Microbial Marker of Disease Activity in Spondyloarthritis. Arthritis Rheumatol. 2017, 69, 114-121. [CrossRef]
Gilhar, A.; Laufer-Britva, R.; Keren, A.; Paus, R. Frontiers in alopecia areata pathobiology research. J. Allergy Clin. Immunol. 2019,
144,1478-1489. [CrossRef] [PubMed]

Brzychcy, K.; Dr6zdz, I.; Skoczylas, S.; Ploszaj, T.; Sobolewska-Sztychny, D.; Skibiriska, M.; Narbutt, J.; Lesiak, A. Gut microbiota
in alopecia areata. Postepy Dermatol. Alergol. 2022, 39, 1162-1170. [CrossRef]

Belkaid, Y.; Hand, T.W. Role of the microbiota in immunity and inflammation. Cell 2014, 157, 121-141. [CrossRef]

Akbaba, E.; Aydemir, E.; Ayaz, F. Alopecia areata: A comprehensive review of clinical, immunologic, and genetic perspectives.
Discov. Immun. 2025, 2, 8. [CrossRef]


https://doi.org/10.3389/fimmu.2021.799788
https://www.ncbi.nlm.nih.gov/pubmed/34925385
https://doi.org/10.1111/1462-2920.13589
https://doi.org/10.1038/nature12721
https://doi.org/10.1002/ueg2.70023
https://www.ncbi.nlm.nih.gov/pubmed/40252217
https://doi.org/10.3892/etm.2020.8512
https://doi.org/10.1016/j.chom.2015.01.001
https://doi.org/10.3390/life14081016
https://doi.org/10.1136/gutjnl-2020-323071
https://doi.org/10.1038/s41392-024-01811-6
https://www.ncbi.nlm.nih.gov/pubmed/38664391
https://doi.org/10.3390/cimb47090713
https://www.ncbi.nlm.nih.gov/pubmed/41020835
https://doi.org/10.1111/febs.17123
https://doi.org/10.1126/science.aad2602
https://www.ncbi.nlm.nih.gov/pubmed/26542567
https://doi.org/10.1038/s41579-018-0024-1
https://doi.org/10.1073/pnas.1904099116
https://doi.org/10.3390/biology14030251
https://doi.org/10.1038/s41586-019-0965-1
https://doi.org/10.1371/journal.pcbi.1004977
https://www.ncbi.nlm.nih.gov/pubmed/27400279
https://doi.org/10.7554/eLife.01202
https://doi.org/10.1002/art.39802
https://doi.org/10.1016/j.jaci.2019.08.035
https://www.ncbi.nlm.nih.gov/pubmed/31606262
https://doi.org/10.5114/ada.2022.120453
https://doi.org/10.1016/j.cell.2014.03.011
https://doi.org/10.1007/s44368-025-00013-8

Cosmetics 2025, 12,274 16 of 16

66. Severino, A.; Porcari, S.; Rondinella, D.; Capuano, E.; Rozera, T.; Kaitsas, F.; Gasbarrini, A.; Cammarota, G.; Ianiro, G. The
multi-faceted role of gut microbiota in alopecia areata. Biomedicines 2025, 13, 1379. [CrossRef] [PubMed]

67. Paramsothy, S.; Kamm, M.A.; Kaakoush, N.O.; Walsh, A.].; van den Bogaerde, J.; Samuel, D.; Leong, R.W.L.; Connor, S.; Ng,
W.; Paramsothy, R.; et al. Multidonor intensive faecal microbiota transplantation for active ulcerative colitis: A randomised
placebo-controlled trial. Lancet 2017, 389, 1218-1228. [CrossRef] [PubMed]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.


https://doi.org/10.3390/biomedicines13061379
https://www.ncbi.nlm.nih.gov/pubmed/40564097
https://doi.org/10.1016/S0140-6736(17)30182-4
https://www.ncbi.nlm.nih.gov/pubmed/28214091

	Introduction 
	Materials and Methods 
	Data Acquisition 
	Clinical and Demographic Characteristics 
	Exclusion Criteria for Healthy Volunteers 
	Massive Genome Sequencing and Data Processing 
	Analysis of the Microbial Communities and Comparisons 
	Network Correlation Analysis 
	IA Modelling 

	Results 
	Analysis of the Microbial Communities 
	Identification of the Microbial Features Associated with the Alopecia Areata Gut Microbiome 
	IA Model Results 

	Discussion 
	Conclusions 
	References

