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. Type |l Diabetes Mellitus (T2DM)
is strongly associated with alterations in
the gut microbiome, which influence host
metabolic processes, immune responses,
and insulin sensitivity.

. Dysbiosis of gut microbial
communities has been implicated in
disease progression, highlighting the
microbiome as a critical factor in T2DM
pathophysiology.

. This study identified disease-specific
gut microbial biomarkers associated with
T2DM wusing an integrated subtractive
metagenomics  framework combining
assembly-based and read-based profiling
approaches.

. Key microbial taxa, including
Bacteroides  dorei, Faecalibacterium
prausnitzii, and Bacteroides vulgatus,

demonstrated distinct abundance patterns
in T2DM and may serve as potential non-
invasive diagnostic biomarkers.

e
Background: Type II Diabetes Mellitus (T2DM) is
increasingly associated with alterations in the gut microbiome,
which influences host metabolism, inflammation, and insulin
sensitivity. Metagenomic profiling has emerged as a promising
non-invasive strategy for identifying disease-associated
microbial signatures. However, distinguishing disease-specific
biomarkers from general dysbiosis remains a major challenge.
This study aimed to develop an integrative subtractive
metagenomic framework to identify candidate disease-specific
gut microbial biomarkers.

Methods: This in silico case-control study used publicly
available metagenomics datasets from healthy controls and
individuals with T2DM. Assembly-based and read-based
taxonomic profiling approaches were integrated. Differential
abundance analysis using the Wilcoxon rank-sum test identified
key microbial taxa significantly associated with T2DM.
Results: Potential microbial biomarkers were identified as
Bacteroides dorei, Bacteroides gracilis, Bacteroides stercoris,
Bacteroides ovatus, Bacteroides thetaiotaomicron, Bacteroides
uniformis, Bacteroides vulgatus, Bacteroides xylanisolvens,
Eggerthella  lenta, Escherichia coli, Faecalibacterium
prausnitzii,  Parabacteroides  distasonis,  Ruminococcus
torques, and Subdoligranulum. These taxa are involved in gut
metabolic homeostasis and may serve as candidate non-invasive
biomarkers for T2DM.

Conclusion: The results of this study advance understanding
of microbiome-disease crosstalk and form the basis for further
in vitro and in vivo validation and microbiome-targeted
therapeutic approaches. Overall, this integrative metagenomic
study supports alteration of microbial ecology in T2DM,
validating the use of gut microbiome profiling as a diagnostic
and therapeutic tool in metabolic disease research.
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Introduction

Diabetes mellitus is one of the oldest recognized metabolic
disorders and was first documented in Egyptian literature
approximately 3,000 years ago. It is a chronic condition
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characterized by persistent hyperglycemia
resulting from impaired insulin secretion,
defective insulin action, or both." 2 Approximately
90% of instances of diabetes are type 2
diabetes, which is caused by a combination
of decreased insulin production and insulin
resistance.* According to reports published
in 2019, diabetes is the fifth leading cause of
mortality worldwide, with a high prevalence.?
The rapidly rising incidence of type 2 diabetes
is attributed to several factors, including the
aging of the population, the rising incidence of
obesity, and the fall in physical activity levels
that comes with industrialization. Risk factors for
Type |l Diabetes Mellitus (T2DM) include being
older, obese, having prior gestational diabetes,
having a family history of the condition, having
low glucose tolerance, being inactive, and being
a certain race or ethnicity.*

Nowadays, oral hypoglycemic medications
are the primary treatment for diabetes. Twelve
different types of medications, including
sulfonylureas, meglitinides, biguanides,
a-glucosidase inhibitors, and dipeptidyl
peptidase (DPP-4) inhibitors, have been
approved by the Food and Drug Administration
(FDA) to help patients control their blood
glucose levels. However, most people with type
2 diabetes cannot have their blood glucose
levels adequately controlled for an extended
period of time with the current medications, and
they will experience some adverse effects.® As
a result, new medications and novel therapeutic
targets are being extensively investigated. The
makeup of intestinal microbiota in humans and
animals has recently attracted considerable
attention in research on the mechanisms behind
type 2 diabetes and its treatment.® Numerous
metabolic disorders, including diabetes and
inflammatory bowel disease, have been linked
to gut microbiota.’

It is now acknowledged that the gut microbiota
is a separate organ that controls numerous
physiological processes and influences a
wide range of host activities.® These microbial
communities can be perturbed by external factors
such as antibiotic use, age, diet, pregnancy, and
stress, among others, and undergo a change in
either their composition or abundance, which is
known as dysbiosis.® The state of dysbiosis can
increase susceptibility to various diseases and
presentation of different phenotypes, including
neurological, immunological, physiological,
psychic, and metabolic disorders. One such
metabolic disorder caused by dysbiosis of the
human gut microbiome is T2DM."® Previous
studies have identified biomarkers that are
not specific to T2DM. With the advent of Next
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Generation Sequencing (NGS) technology, there
has been a rapid surge in metagenomic studies,
substantially advancing our knowledge of
previously unculturable microorganisms and their
association with prevalentdiseases and ecological
changes." The conventional approach adopted
to discover disease-specific biomarkers from
metagenomic data often involves a differential
method."® However, in many cases, biomarkers
identified using this differential approach reflect
a mix of disease-specific characteristics and the
features of general dysbiosis.

One of the most effective and widely
applicable methods for integrating genomic and
molecular data into clinical practice is biomarker
discovery. Human microbial communities can
function as biomarkers of host characteristics
such as lifestyle and iliness, according to recent
metagenomic analyses. These results have also
attracted attention to the importance of tasks
such as class prediction, which determines the
subtype of a new sample, and class discovery,
which finds new subtypes of a disease. These
findings are supported by comparisons between
healthy and diseased samples.'?

A critical evaluation of such studies
reflects an immediate need to improve current
approaches adopted to evaluate the predicted
diagnostic biomarkers so that general dysbiosis
features can be separated from disease-specific
biomarkers. By acknowledging the existing
limitations of conventional study designs that
often lead to the false discovery of disease-
specific biomarkers and re-discovering the
diagnostic biomarkers for critical diseases such
as diabetes, we hypothesize that integrating
assembly-based and read-based profiling within
a subtractive metagenomic framework can
improve the identification of robust, disease-
associated microbial candidates across
heterogeneous datasets. Therefore, this study
aimed to identify candidate non-invasive gut
microbial biomarkers associated with T2DM.

Materials and Methods

This in silico case-control study was conducted
in 2024 at Capital University of Science and
Technology, Islamabad, Pakistan. The integrated
subtractive metagenomics pipeline combining
read-based and assembly-based approaches
for the identification of disease-specific gut
microbial biomarkers in T2DM is adopted.

Figure 1 provides a comprehensive
overview of the methodology adopted for
the metagenomic analysis of the human gut
microbiome as a tool towards noninvasive
biomarkers for diagnosing T2DM.
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Figure 1: This figure presents the integrated workflow used for human gut metagenomic analysis to identify candidate non-
invasive biomarkers for type Il diabetes mellitus.

Human Gut Metagenome Sample Retrieval

This study employs publicly available data
obtained from T2DM patients and healthy
controls. Compressed Fastq files of paired-end
raw reads were downloaded from the National
Center of Biotechnology Information (NCBI)
Sequence Read Archive (National Center
for Biotechnology Information, USA). The
dataset comprised 50 healthy and 50 T2DM
patients’ metagenomes from different cohorts
available under BioProject accession numbers
PRJNA422434 and PRJEB11419, respectively.
Sample size was determined based on the
availability of high-quality publicly deposited
metagenomic  datasets with comparable
sequencing depth. An equal number of control
and disease samples were selected to minimize
group imbalance in exploratory analyses.

As datasets originated from independent
BioProjects, potential batch effects related to
sample collection and sequencing protocols
cannot be fully excluded. However, the study
design aimed to identify microbial signatures
consistently observed across heterogeneous
datasets.

FastQC Analysis and Data Pre-processing
Following the retrieval of raw FASTQ
files of gut metagenomes, selected datasets
were subjected to quality assessment and
preprocessing using a combination of FastQC
v0.12.1 (Babraham Bioinformatics, UK) and
Fastp tools v0.23.2 (OpenGene, China).”®
Quality evaluation and data pre-processing
were carried out in a Linux environment (Linus
Torvalds/Open-Source  Community,  USA)
using command-line programs. Subsequently,
Trimmomatic (version 0.39; Usadel Lab, Max

Planck Institute for Developmental Biology,
Tubingen, Germany) was used to trim raw reads
for quality, read length, and adaptor content.
To investigate read sequences for anomalies,
the over-representation of k-mers (a sign of
contamination or genomic repeats that can lead
to complex metagenomic assemblies), and to
facilitate the removal of sequencing adapter
sequences, these tools make use of both the
quality information provided by sequencing
instruments and databases that contain
collections of adapters and primer sequences.
They also evaluate the quantity or percentage
of unclear bases, guanine-to-cytosine (GC)
content, read length, and quality scores. Post-
trimming reads with a length below a specified
threshold are eliminated."

De novo Metagenome Assembly and Genome
Binning

Based on the number of reads and the
complexity of the microbial species in the
sample, MAGs are assembled from short reads
either as a complete or a draft genome. De novo
assembly is based on either the overlap-layout-
consensus (OLC) or De Bruijn graph (DBG)
approaches, where the DBG is the most prevalent
method." Hence, this study has also used the
DBG-based assembler, including metaSPAdes
v3.15.3 (St. Petersburg State University,
Russia), which uses k-mers for assembling the
selected metagenomes.'® The resulting contigs
were binned using MetaBAT2 (version 1.7;
Lawrence Berkeley National Laboratory, USA)
at default settings and a minimum contig length
of 2500 bp. The combination of metaSPAdes
and metaBAT2 is quite successful in recovering
low-abundance species."”
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Taxonomic  Annotation and  Abundance
Estimation

An assembly-based method was used to
assess the microbial communities and estimate
their relative abundances. High-quality reads
were subjected to taxonomic profiling using
Kaiju (version 1.9.0; Max Planck Institute
for Informatics, Germany), and Taxonomic
abundances were estimated at the genus and
species level in Greedy mode."”® The reference
database used was RefSeq Genomes, and
the low-abundance filter was set to =0.05.
Taxonomic abundance profiles were generated
at both the genus and species levels. Genome
Taxonomy Database—ToolKit (version 2.3.2;
GTDB-Tk; University of Queensland, Australia)
was used to annotate the bacterial genomes
according to their taxonomy. A recovery
threshold value of 0.05 was used to include the
low-abundance species along with the most
prevalent and highly abundant taxa.”® Later, the
results from the two approaches were combined
to get the final taxonomic profiles of healthy and
T2DM patients.

Biomarker Identification

The Wilcoxon rank-sum test was performed
in R (R Foundation for Statistical Computing,
Austria) to assess significant differences
between the control and diseased gut
metagenomic profiles at the genus and species
levels. Differentially abundant taxa between the
control and T2DM metagenomes were selected
as potential microbial biomarkers. To compare
microbial divergences between individuals with
T2DM and healthy controls, we performed
a comparative approach based on species-
level relative abundance data. The datasets
of the T2DM and control groups were then
merged using taxonomic identifiers to facilitate
comparison. Missing values were imputed with
a minimal abundance constant (1e-6) to allow
for abundance logarithmic transformations and
to prevent division by zero. Alpha diversity was
analyzed using three ecological metrics of the
system, which are the number of observed
genera (species richness), the Shannon diversity
index, and the Simpson index. These indices
can provide information on species count as
well as species evenness of distribution within
each group. The Shannon index was taken as
the negative of the sum of the proportion of
each genus multiplied by its natural logarithm.
In contrast, the Simpson index was computed
as the sum of squared proportions, thereby
characterizing the community’s dominance.?° To
investigate the beta diversity and recapitulate
compositional separation between the groups,
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we ran Principal Component Analysis (PCA).?!
Synthetic sample replicates (n=5 per group)
were generated from the observed genus-level
abundance profiles by adding Gaussian noise
to simulate inter-individual biological variation.
The derived prevalence data were then log-
transformed, normalized as z scores, and run on
PCA. The group clustering was plotted with the
first two principal components (PC1 and PC2).
Each sample was linked to its corresponding
group centroid, and intra-group dispersion
(standard deviation ellipses) was added. For
differential abundance analysis, for each genus,
log2 fold change values were computed using
the ratio of the T2DM and control abundances.
Genera were enriched (logllFC>1), depleted
(logJFC<-1), or unchanged (loglJFC between
-1 and 1) in T2DM. The cumulative relative
abundance of each category was then worked
out for each group and presented in a stacked
bar chart. This revealed patterns of enrichment
and depletion for a disease status-associated
change in the T2DM microbiome (broad
taxonomic shifts).

High-quality metagenomic sequencing data
were obtained following preprocessing with an
average read length of 107 bp and over 96% of
bases exceeding a Q-score of 20. Differential
abundance analysis revealed significant
alterations in gut microbial composition between
patients and healthy controls, highlighting
distinct taxonomic shifts associated with
disease status. The basic statistics obtained
from FastQC analysis demonstrated that total
sequences were 19998693, with total bases
of 2.9 Gbp encoded through Sanger/lllumina
1.9. No poor-quality sequence was flagged.
The detected sequence length ranged from
35 to 151. Quality reports of raw sequencing
data were obtained using FastQC. The
generated reports illustrated that some of the
reads of the input samples contained adapter
contamination, abnormal G+C content, and
per-base sequence content. Moreover, some
samples showed reads with phred scores
less than 20 that needed to be removed. This
cleaning was conducted in a Linux environment
and produced reads with a mean length of
107 bp and 96% of bases having Q-scores
>20. During filtering, reads that passed filters
were 16.034314 M (95.647623%), reads with
low quality were 695.022000 K (4.145934%),
reads with too many Ns were 14.740000 K
(0.087927%), and reads that are too short were
19.868000 K (0.118516%).
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De novo Assembly and Recovery of MAGs

De novo assembly of human gut metagenomic
samples performed using metaSPAdes had a
mean assembly length of 78477.50+29765 Kbp
for healthy controls and 79533+2500 Kbp for
T2DM. The larger assembly size observed in
the T2DM group may reflect increased microbial
diversity of the gut microbiome in diabetics.
However, this difference is not significant as
determined by the Wilcoxon rank-sum test
(P>0.05). Subjecting these assemblies to
genome binning yielded 120 and 170 MAGs
for healthy and T2DM patients. These MAGs
were subjected to quality assessment using
CheckM and classification into high-quality
(HQ), medium-quality (MQ), and low-quality
(LQ) MAGs using the MIMAG criteria, as shown
in table 1.

The taxonomic profiles of the control group at
the genus level show lower diversity in microbial
communitiesthanthe T2DMgroup. Analysis ofthe
resulting taxonomic profiles revealed the highest
proportions of Bacteroides and Phocaeicola
(27.2 % and 17.2%, respectively) in the healthy-
control metagenomes. Among 142 identified
genera, 10 were present at high abundance
>1%, and the remaining 132 were present at
a relative abundance of <1%. Acinetobacter,
Desulfitobacterium, Caproiciproducens, and
Niabella are among the low-abundance genera,
presentat0.001%. Atthe species level, Prevotella
copri, Faecalibacterium prausnitzii, Phocaeicola
vulgatus, Phocaeicola dorei, Bacteroides
uniformis, Bacteroides thetaiotaomicron,
Bacteroides stercoris, Lachnospira eligens,
and Bacteroides fragilis were found at relatively
high abundance, i.e., 6.23%-1.43%. Whereas
Caproiciproducens sp. NJN-50, Streptococcus
australis, and Streptococcus gallolyticus were
found at low abundance, i.e., 0.001% among
others.

In the gut metagenome profiles of T2DM
patients, 135 genera and 274 species were
identified. Compared with the control group, the
gut microbiome of diabetic patients was less
diverse at the genus level and more diverse at
the species level. This discrepancy may be due
to the loss of beneficial genera and acquisition of
pathogens or opportunistic pathogens involved

in the onset of T2DM.

At the genus level, a relatively higher
proportion (26%-0.89%) of Bacteroides,
Phocaeicola, Prevotella, Faecalibacterium,
Bifidobacterium, Lachnospira, Alistipes,
Blautia, Phascolarctobacterium, Roseburia,and
Mediterraneibacter was observed. Whereas
Vibrio, Lactobacillus, Pseudoalteromonas,
Crassaminicella, Sphaerochaeta, Aeromonas,
Ndongobacter, Alkaliphilus, and Mageeibacillus
were found to be present at low abundance,
i.e., 0.001%. A slightly lower proportion of
Bacteroides may indicate diabetes, as a
higher abundance of this genus is positively
correlated with improved insulin resistance
in a mouse model. But this genus shows a
contradictory association with T2DM. A lower
proportion of Ruminococcus, Fusobacterium,
and Blautia found in T2DM gut metagenomic
profiles than in the healthy controls is positively
associated with T2DM.22 The Faecalibacterium
genus has also been shown to be reduced in
diabetic patients in response to the various
antidiabetic medications."> Additionally, a higher
abundance of Bifidobacterium than the control
may suggest a protective effect in response to
immune system activation.?®> The taxonomic
profiles of diabetic patients at the species
level contained more species than the control
group. The microbial communities constituting
the major proportion of the taxonomic profiles
were F. prausnitzii, P. copri, Phocaeicola
vulgatus, B. stercoris, Lachnospira eligens, and
Phocaeicola dorei. These species’ abundance
ranged from 4.1% to 1.5% in the metagenomic
samples.

Compared with healthy controls, increased
relative abundances (approximately twofold)
of Ruminococcus gnavus, Ruminococcus
bicirculans, Ruminococcus  bovis, and
Ruminococcus albus were observed. In
contrast, lower abundances of F. prausnitzii,
Subdoligranulum, Roseburia intestinalis,
Roseburia inulinivorans, Eubacterium rectale,
and Akkermansia muciniphila were identified in
T2DM metagenomes. These findings indicate
species-specific variation within the genus
Ruminococcus, despite differences observed at
the overall genus level.

Table 1: The quality of MAGs recovered from the human gut metagenome of healthy and type Il diabetes mellitus patients

Condition Healthy Type Il diabetes mellitus
MAG Count 1591 1721

HQ% 354 35.7

MQ% 45.6 55.0

LQ% 19.0 9.3

MAG: Metagenome-assembled genome; HQ: High quality; MQ: Medium quality; LQ: Low quality
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Microbial Biomarkers of T2DM

The gut microbiota modulates inflammation,
interacts with dietary constituents, influences
the gut barrier, glucose and lipid metabolism,
insulin sensitivity, and maintains homeostasis in
the human body. To identify genera with different
abundance between T2DM and healthy subjects,
a Wilcoxon rank-sum test was conducted.
The binary heatmap shows genera distinctly
enriched in either group (P<0.05). Enriched
genera in the T2DM group are marked red, and
enriched in controls are marked in green. The
distribution presents a clear microbial signature,
as some genera are consistently more abundant
in one group versus the other, indicating
potential disease-associated microbial changes,
as shown in figure 2.

An integrated view of differential microbial
abundancein T2DM patients and healthy controls
is shown in figure 3. The upper panel shows a
bar plot of log2 fold changes at the genus level;
positive values are assigned to genera enriched
in T2DM, whereas negative values are assigned
to depleted (compared to diabetic) ones (figure
3A). This visualization emphasizes significant
changes in microbial taxa; e.g., P. copri and
Bacteroides ovatus are strongly depleted in
T2DM, whereas other genera are strikingly
enriched. The central heatmap demonstrates
differential abundance (absolute) of groups
with a distinct trend for increased or decreased
representation of key genera across conditions
(figure 3B). The rightmost clustered heatmap,
according to hierarchical clustering, visually
confirms group-specific microbial signatures
as well as taxonomic relationships (figure
3C). Together, these analyses consistently
demonstrate a systematic alteration of the gut
microbiota in T2DM subjects, suggesting its
potential role in disease onset and progression.
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Gut microbiome biomarker in type Il diabetes mellitus

Alpha diversity analysis showed some
decrease in microbial richness and diversity in
patients with T2DM compared to healthy controls,
as shown in figure 4 (A). A lower observed
number of genera was found in the T2DM group,
implying a reduction in taxonomic richness.
Likewise, the Shannon and Simpson diversity
indices were reduced in the T2DM group,
suggesting not only decreased richness but also
variation in community evenness. These results
support the hypothesis that links a disrupted gut
microbiome profile in T2DM to reduced diversity.
When using the difference abundance analysis
that relied on log 2-fold changes, there were
different clusters of T2DM-enriched and T2DM-
depleted genera, as shown in figure 4 (B).
Genes with a fold change >2 (loglJFC>1) were
considered enriched in T2DM, and those with
<0.5 (logIFC<-1) were considered depleted. The
total relative abundance of T2DM-enriched taxa
was significantly higher in the diabetic group
than that of the T2DM-depleted taxa within
the control group’s microbiome. The “Other”
category, where taxa show no significant change
values, was fairly stable among groups. These
results underscore the occurrence of particular
microbial signatures that may be associated
with disease pathogenesis or host metabolic
modulation in T2DM. A separation between the
groups of microbial profiles in the T2DM and
control groups was evident from the PCA, as
shown in figure 4 (C). There was a substantial
proportion of the variance across samples,
which was explained by PC1 and PC2 jointly.
Single samples simulated to represent inter-
individual variation displayed their own distinct
clusters by group, with T2DM samples separated
from controls. Centroid connections and
dispersion ellipses accentuated the difference
in microbial composition across groups.
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Sphingebactedum
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Figure 2: This figure presents candidate biomarkers found exclusively in control and T2DM gut metagenomes.
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Figure 3: This figure illustrates differential microbial profiling in type 2 diabetes mellitus patients and the control group. (A)
The top bar plot represents the log(! fold changes in abundances at the genus level, defining type 2 diabetes mellitus patient-
enriched species (positive values, red bars) and type 2 diabetes mellitus patient-depleted species (negative values, blue bars).
In genera where shifts in abundance are most pronounced, specific dysbiosis patterns in type 2 diabetes mellitus patients are]

revealed. (B) The left heatmap shows the abundance of selected genera within groups in a two-column format, consisten
depletion or enrichment profiles in type 2 diabetes mellitus patients versus controls. (C) The right clustered heatmap proceeds
to classify the genera according to an order of similarity, showing group-specific clustering and microbial composition shifts.
These visualizations together highlight a distinct separation in gut microbial ecology related to the pathophysiology of type 2
diabetes mellitus.

This dissociation further supports the notion that
T2DM is associated with persistent alterations
in gut microbial composition, consistent with the
dysbiotic changes characteristic of the disease.

This study applied an integrative subtractive
metagenomic approach to identify candidate
gut microbial taxa associated with T2DM
across heterogeneous cohorts. The resulting
comprehensive pool of biomarkers was
further associated with healthy and T2DM
states, suggesting their use as non-invasive
biomarkers. Overall, the results demonstrate
clear compositional and functional differences
in healthy and patient groups. Comparative

abundance analysis revealed a distinct microbial
signature in T2DM, characterized by enrichment
of opportunistic and metabolically disruptive taxa
and decreased beneficial microbial species.
Furthermore, the PCA identified a significant
variation in microbial community, showing a
distinct difference between the patient and
control groups. Diversity metrics showed subtle
but consistent differences. This suggests
disease-associated dysbiosis is driven more by
compositional shifts rather than a complete loss
of microbial diversity. The increased proportion
of enriched species in patients compared with
controls is clearly visualized in taxonomic
characterization, indicating the presence
of disease-specific microbial patterns. This
hybrid approach is key to accurately identifying
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Figure 4: This figure presents differential microbial profiling in type 2 diabetes mellitus patients and the control group. (A)
The top bar plot represents the logl] fold changes in abundances at the genus level, defining type 2 diabetes mellitus patients|
enriched species (positive values, red bars) and type 2 diabetes mellitus-depleted species (negative values, blue bars). In the]
genera with the most pronounced shifts in abundance, specific dysbiotic patterns in type 2 diabetes mellitus are revealed. (B)
The left heatmap shows the abundance of selected genera within groups with a two-column format, consistent depletion o
enrichment profiles, and type 2 diabetes mellitus patients compared with controls. (C) The right clustered heatmap proceeds to|
classify the genera according to an order of similarity, which shows group-specific clustering and microbial composition shifts.
All these visualizations combined highlight a distinct spatial distinction in gut microbial ecology related to the pathophysiolog

of type 2 diabetes mellitus patients.

microbes and candidate biomarkers that not
only correlate with T2DM but also shed light
on metabolic processes, inflammation, and
insulin resistance. This could transform T2DM
diagnosis and management.*
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Integrating non-invasive biomarkers into
T2DM  management provides significant
advantages over traditional invasive methods.
One major advantage is reduced patient
discomfort, since using fecal samples eliminates
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the need for repeated skin punctures. These
biomarkers enable early identification and
constant follow-up of the disease, which in
turn helps prevent late diagnoses and the
complications that usually follow through the
provision of real-time information on blood
glucose levels. This non-invasive diagnostic
approach is less burdensome for patients and
may improve participation among individuals who
are usually reluctant to engage in regular health
monitoring.?> Less invasive practices reduce
the risks of such complications as infection
and scarring, hence making it appropriate for
patients who have slow wound recovery rates.
The convenience of these tests promotes patient
engagement, which is essential for effective
long-term disease management.?® Moreover,
non-invasive biomarkers allow personalized
treatment approaches because they reflect how
patients react to the modification of therapeutic
interventions.?” This will also help scientists to
investigate the gut microbiota’s contribution to
T2DM and determine interesting new targets for
therapy.

The findings from the integrated approach
underscore that different populations of gut
bacteria are altered in individuals with T2DM
and that these changes significantly impact
glucose metabolism and overall metabolic
health.?” 28 Higher abundances of B. dorei and
B. gracilis have been associated with improved
glycemic control, suggesting that increasing the
abundance of these species may contribute to
better blood glucose regulation in individuals with
T2DM. However, Bacteroides vulgatus is less
abundant in individuals with T2DM, supporting
its potential utility as a candidate diagnostic
biomarker, although its abundance may also
be influenced by factors such as dietary habits
and antibiotic exposure. E. coli also functions
as a diagnostic biomarker for T2DM and is
associated with high-fat intake and increased gut
permeability, both risk factors for inflammation
and metabolic disturbances.?® *° Species such
as F. prausnitzii are not considered direct risk
factors for T2DM; however, their abundance
is often reduced in affected individuals,
potentially reflecting the influence of factors
such as unhealthy dietary patterns and antibiotic
exposure on the gut microbiota.® It is believed
that eating too much fat and too little fiber, being
sedentary, and being under constant stress
can, by tipping the balance, favor the harmful
organisms in the gut. Increased gut permeability
allows toxic microorganisms to enter the
bloodstream and trigger inflammation, thereby
aggravating microbiome disorders, making it
harder to manage diabetes and promote insulin
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resistance. It has been noted that certain species
of the gut microbiome are more abundant in
healthy individuals than in those with T2DM.3?
Major species detected are F. prausnitzii (anti-
inflammatory effects), Prevotella copri (glucose
management promoted with fiber-rich foods),
B. stercoris (fiber fermenter), and L. eligens
(supports carbohydrate metabolism).33

Additionally, recent research has shown
a strong correlation between diabetes and
the composition of the gut microbiota. When
compared to the nondiabetic controls, the
diabetic group’s proportions of Firmicutes and
Clostridium were found to be considerably
lower. In addition to metabolic microbiota-
host crosstalk, increased intestinal
permeability leading to raised systemic levels
of lipopolysaccharides that promote insulin
resistance and hyperinsulinemia are other
possible causes for the function of gut microbiota
in diabetes.** Moreover, in a mouse model,
levels of Bifidobacterium were substantially and
favorably associated with enhanced glucose
tolerance and reduced inflammation. A study by
Brown suggested Prevotella’s relative absence
indicates a deficiency of mucin on the intestinal
epithelial layer and could be a sign of present
or future gut permeability. Additionally, patients
have a significantly higher population of bacteria
such as Bacteroides than controls. Propionate,
acetate, and succinate are the products of
these bacteria that ferment glucose and lactate.
These short-chain fatty acids do not cause the
formation of mucin, in contrast to butyrate.

This connection between T2DM and gut
microbiome has fueled a rapid wave of scientific
research. In an effort to find microbial signatures
that could serve as non-invasive T2DM
complication biomarkers, the current study
was undertaken. By performing a differential
analysis method of metagenome profiles from
healthy and control patients, it was possible
to find potential biomarkers of T2DM. These
candidate biomarkers can be experimentally
and practically examined. The research by
Zhang and others provided perspectives on
the function of gut bacteria in the onset and
progression of diabetes as well as innovative
precision-medicine strategies to combat type 2
diabetes. Additionally, this study demonstrated
that examining metabolic pathways and
functions is more significant for understanding
the role of gut microbiota in disease etiology
than merely comparing microbial populations.®®
Wu and others reported a substantial nonlinear
negative association between DI-GM and
diabetes risk. The risk of diabetes may be
considerably decreased by keeping the DI-GM
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score above 6.191. Increasing the production of
short-chain fatty acids (SCFAs) and preserving
the gut microbiota diversity may help lower the
risk of diabetes. To elucidate the mechanisms
behind the nonlinear association between
DI-GM and diabetes risk, more research is
required.® There is growing evidence that the
homeostatic regulation of glucose metabolism is
significantly influenced by the gut microbiota.?”
Low-grade endotoxemia due to increased gut
permeability, imbalanced production of SCFAs
and branched-chain amino acids, and disrupted
bile acid metabolism are some of the ways that
dysbiosis of the gut microbiota contributes to the
development of glucose intolerance and insulin
resistance in T2DM.38

The alteration in gut microbiome composition
in patients with T2DM demonstrating consistent
pro-inflammatory taxa are enriched in individuals
with diabetes, while a significant reduction is
observed in SCFA-producing bacteria. This is
due to gut permeability, chronic inflammation,
and impaired glucose metabolism.®® There
was a positive and statistically significant
association of the Bacteroidetes-to-Firmicutes
ratio in individuals with T2DM with plasma
glucose levels. However, the relationship did
not change with body weight, meaning that the
connection between this ratio and decreased
tolerance to glucose was not disrupted. The
identified candidate species biomarkers include
B. dorei, B. gracilis, B. stercoris, B. ovatus, B.
thetaiotaomicron, B. uniformis, B. vulgatus,
Bacteroides xylanisolvens, Escherichia lenta,
E. coli, F. prausnitzii Lachnospiraceae,
Parabacteroides distasonis, Ruminococcus
torques, and Subdoligranulum. These species
play a vital role in maintaining a balanced gut
microbiome, which is crucial for metabolic health
and the prevention of diseases such as T2DM.?®
This research will improve our understanding
of how the microbiome influences diabetes and
guide targeted treatments.

The limitations of this study arise from the
complexity of host-microbiome interactions.
Although this was an integrative study, the study
should include the functional impact of host genetic
variability shaping the microbiome composition
in the disease state. Furthermore, the analysis
focused on microbial abundance rather than
microbial activity, and no predictive validation
was performed. Therefore, identified taxa should
be considered candidate biomarkers requiring
further experimental and clinical validation.

Conclusion

This study identified disease-specific gut
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microbial candidate biomarkers associated
with T2DM using an integrated subtractive
metagenomics approach. Notably, B. dorei
and F. prausnitzii were identified as potential
non-invasive diagnostic markers. The findings
demonstrate that combining assembly-based
and read-based analyses improves the
robustness of biomarker identification. Our
integrated approach provides more reliable
and comparable results, in turn reducing the
influence of external factors and enhancing the
value of our work for a wider population base.
Our findings reveal microbial patterns associated
with early disease stage manifestations that pave
the way for effective, non-invasive practices for
the detection and treatment of T2DM.
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