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SUMMARY: The human gut microbiome is increasingly recognized as important to health and disease, influencing
immune function, metabolism, mental health, and chronic illnesses. Two widely used, cost-effective, and fast
approaches for analyzing gut microbial communities are shallow shotgun metagenomic sequencing (SSMS) and
full-length 16S rDNA sequencing. This study compares these methods across 43 stool samples, revealing notable
differences in taxonomic and species-level detection. At the genus level, Bacteroides was most abundant in both
methods, with Faecalibacterium showing similar trends but Prevotella was more abundant in full-length 16S
rDNA. Genera such as Alistipes and Akkermansia were more frequently detected by full-length 16S rDNA, whereas
Eubacterium and Roseburia were more prevalent in SSMS. At the species level, Faecalibacterium prausnitzii, a key
indicator of gut health, was abundant across both datasets, while Bacteroides vulgatus was more frequently detected by
SSMS. Species within Parabacteroides and Bacteroides were primarily detected by 16S rDNA, contrasting with higher
SSMS detection of Prevotella copri and Oscillibacter valericigenes. LEfSe analysis identified 18 species (9 species in
each method) with significantly different detection between methods, underscoring the impact of methodological choice
on microbial diversity and abundance. Differences in classification databases, such as Ribosomal Database Project
(RDP) for 16S rDNA and Kraken2 for SSMS, further highlight the influence of database selection on outcomes. These
findings emphasize the importance of carefully selecting sequencing methods and bioinformatics tools in microbiome
research, as each approach demonstrates unique strengths and limitations in capturing microbial diversity and relative
abundances.
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1. Introduction

The gut microbiome is a complex ecosystem consisting
of a diverse community of microorganisms residing in
the human gastrointestinal tract. Numerous studies have
demonstrated that a diverse and balanced population of
gut microbiota is crucial for maintaining gut and overall
health by facilitating digestion, nutrient absorption, and
supporting the immune system. Furthermore, mounting
evidence has suggested that dysbiosis, an imbalance in
the composition and functionality of gut microbiota, is
directly or indirectly associated with the pathogenesis of
various diseases, including obesity (/), diabetes, chronic
kidney disease (CKD) (2), liver diseases, colorectal
cancer (CRC) or adenoma (3), and even mental and

neurodegenerative disease (4-6). Therefore, modulation
of the gut microbiome composition has been proposed as
a potential therapeutic target, and dietary interventions
have been suggested as a means to achieve this goal
(7). In particular, patients with autoimmune diseases
display reduced levels of beneficial bacteria, such as
Bifidobacterium spp., Faecalibacterium spp., Roseburia
spp., and Coprococcus eutactus, alongside increased
levels of pathogenic bacteria like Escherichia coli,
Staphylococcus aureus, and Clostridioides difficile,
accompanied by microbial-driven TH17/TH1 activation
and reduced Regulatory T cells, worsening inflammation
(8-10). Consequently, modulating gut microbiota
composition is proposed as a therapeutic target, and
dietary interventions are suggested as a viable approach
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for achieving this modulation (/7).

Identifying microorganisms at the species level
offers precise insights that can aid clinicians in
designing targeted treatments to promote gut health and
mitigate disease risk. For instance, within the genus
Bifidobacterium, Bifidobacterium lactis has been shown
to reduce the risk of diarrhea and fever in children and
infants (/1), whereas Bifidobacterium bifidum is known
to enhance the immune system and combat pathogens
(12). Similarly, Faecalibacterium prausnitzii, a member
of the Firmicutes phylum, is positively correlated with
gut health and plays a role in reducing inflammation and
colorectal cancer risk. However, health effects are not
uniform across all species within the Firmicutes phylum
(13,14). Current methods for microbiota analysis
primarily include 16S rDNA amplicon sequencing
and shotgun metagenomics. The 16S rDNA amplicon
sequencing method is based on amplifying a specific
region of the 16S rRNA gene, allowing the identification
of distinct taxa through variations in the less-conserved
regions (/5). This approach is relatively cost-effective
and straightforward. However, taxa assignments are
based on a single genomic region, which can introduce
amplification biases and affect taxonomic representation
due to primer choice and amplification error (/6,17).
The 16S rDNA contains nine hypervariable regions
(V1-V9) surrounded by conserved regions, with
species-specific variants that enable community-
level identification down to the genus level. Full-
length 16S rDNA sequencing facilitates species-level
identification(/8,79). In contrast, shotgun metagenomics
sequences the entire microbial community's DNA,
necessitating greater sequencing depth, thus increasing
costs, analytical complexity, and potential host DNA
contamination (20). The downstream analysis in
shotgun metagenomics relies on reference databases for
genome assembly, which can result in false positives
(21). Despite these limitations, shotgun metagenomics
provides comprehensive microbial genomic information,
including gene function analysis and insights into
other microbiome components, such as fungi and
viruses. In clinical settings, balancing accuracy, cost,
and processing time is vital for achieving species-level
microbial profiling.

Oxford Nanopore Technologies (ONT) offers
ultra-long nucleic acid sequencing, with read lengths
exceeding 2 million base pairs, which enables full-
length 16S rDNA sequencing can improves taxonomic
resolution by providing a comprehensive sequence of
informative sites. Additionally, ONT's devices offer
real-time data acquisition, allowing for immediate
insights during sequencing runs. This sequencing
approach facilitates faster (sequencing time 1-2 hours)
and more accurate microbial community analysis
(22-24). For metagenomic approaches, studies have
shown that ~7 Gb of paired-end sequencing data are
necessary to achieve > 20X coverage for microbes

at > 1% relative abundance, indicating that shallow
shotgun metagenomics sequencing (SSMS) is viable for
preliminary screening (25,26). Ion Torrent offers short-
read sequencing platforms that leverage semiconductor-
based technology to deliver high-throughput data with
rapid turnaround times. Notably, the GeneStudio™ S5
System enhances efficiency with automated library
preparation, enabling high-throughput sequencing data
in approximately 2 to 4 hours while maintaining ease
of use (27). These platforms are cost-effective, making
them ideal for time-sensitive applications such as
SSMS.

However, comparative studies between SSMS and
full-length 16S rDNA sequencing remain limited. Most
prior research has focused on comparing hypervariable
regions of the 16S rDNA gene, such as V4 or V3-V4,
using short-read sequencing. These studies have reported
biases in taxonomic detection due to the targeted
nature of hypervariable region sequencing, which,
despite being cost-effective, can lead to incomplete
microbial profiles (/5,28). While some studies have
explored full-length 16S rDNA sequencing, they have
primarily compared it with deep shotgun metagenomics
rather than shallow shotgun sequencing. These studies
indicate that full-length 16S rDNA sequencing provides
a more comprehensive representation of dominant
microorganisms and offers enhanced taxonomic
resolution for low-abundance taxa in food-related
matrices (29).

This research gap underscores the need for a direct
comparison between SSMS and full-length 16S rDNA
sequencing, particularly in terms of cost, time efficiency,
and taxonomic resolution across diverse microbial
communities. To address this, our study employs ONT-
based full-length 16S rDNA sequencing alongside SSMS
using the Ion GeneStudio S5 System to analyze the gut
microbiota of healthy individuals. We compare alpha
and beta diversity, identify taxa unique to each method,
and discuss the broader implications of these sequencing
strategies for gut microbiome research and future
applications.

2. Methods
2.1. Sample collection and DNA extraction

In this study, forty-three stool samples were collected
from consenting participants using collection tubes that
incorporated DNA/RNA Shield (Zymo Research, USA)
to preserve microbial specimens. These samples were
subsequently stored at -20 °C until DNA extraction was
performed. For DNA extraction, each fecal sample was
thawed on ice, and 20 mg of material was processed
using the ZymoBIOMICS DNA Miniprep kit (Zymo
Research, USA) according to the manufacturer's
protocol. The extracted DNA was preserved at -20 °C
until further processing for sequencing.
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2.2. Library construction and sequencing
2.2.1. Full length 16S rDNA nanopore sequencing

The full-length of bacterial 16S rDNA was polymerase
chain reaction (PCR) amplified for 20 cycles using
primers for targeting regions V1-V9 of the 16S rDNA.
Primers were described Forword: 5'-TTTCTGTTGGT
GCTGATATTGCAGRGTTYGATYMTGGCTCAG-3'
and Reverse: 5'-ACTTGCCTG TCGCTCTATCTTCC
GGYTACCTTGTTACGACTT-3' (30). The 20 uL. PCR
reaction contained 1 pg of DNA template, 0.2 uM of
each primer, 0.2 mM of dNTPs, and 0.4 U of Phusion
DNA Polymerase (Thermo Scientific, USA). The 1 ug
of DNA template were used in the total volume (20 pL)
of PCR reaction. The barcode sequences were added to
PCR products using the PCR Barcoding Expansion Kit
(Oxford Nanopore Technologies, UK). The products
were checked by 1% agarose gel electrophoresis and
purified using the QIAquick” PCR Purification Kit
(QIAGEN, Germany). The samples were pooled at equal
concentration and purified using AMPure XP beads
(Beckman Coulter, USA). The final products of full-
length V1-V9 region of 16S rDNA, were sequenced
using Ligation Sequencing Kit (Oxford Nanopore
Technologies, UK) and flow cell version R10.4 (Oxford
Nanopore Technologies, UK).

2.2.2. Shallow shotgun metagenomic sequencing (SSMS)

Library preparation was performed using the Ion
Xpress™ Fragment Library Kit (Thermo Fisher
Scientific) with 100 ng of DNA as input. Adapter
ligation, size selection, nick repair, and amplification
followed the manufacturer's protocol. Sequencing was
conducted on the Ion GeneStudio S5 System (Thermo
Fisher Scientific, USA).

2.3. Bioinformatics analysis
2.3.1. 16S rDNA nanopore sequencing (16S rDNA)

The FASTS files were base called by using Guppy
basecaller software v6.0.7 (31) (Oxford Nanopore
Technologies, UK) with a super-accuracy model to
generate pass reads (FASTQ format) with a minimum
acceptable quality score (Q > 10). The quality of reads
was examined by MinlONQC (32). Then, FASTQ
sequences were demultiplexed and adaptor-trimmed
using Porechop v0.2.4 (https://github.com/rrwick/
Porechop). The filtered reads were then clustered,
polished, and taxonomically classified by NanoCLUST
(33) based on the size sequences for the V1-V9 region
of 16S rDNA sequences from Ribosomal Database
Project (RDP) database (34). The abundance taxonomic
assignment data were converted into QIIME2 software
v2021.2 (35) data format for illustrating the richness

and evenness of bacterial species based on their taxa
abundances.

2.3.2. Shallow shotgun metagenomic sequencing (SSMS)

The taxonomic classification and abundance estimation
of the shallow shotgun metagenomic sequencing
data obtained from the gut microbiome samples were
performed using Kraken2 (36) and Bracken2 (37),
respectively. The raw reads were aligned against the
PlusPF database (version 9/19/2020 available at Attps://
benlangmead.github.io/aws-indexes/k2), which includes
both the NCBI and RefSeq microbial genomes and
has been demonstrated to have higher accuracy than
other databases. Bracken2 was then used to estimate
the taxonomic abundances at different levels of the
classification hierarchy by adjusting the classification
counts based on the distribution of read lengths. The
resulting output was a table of taxonomic abundances
at various levels of the classification hierarchy, which
provided insight into the composition of the gut
microbiome. An overview method used in this study is
illustrated in Figure 1.

2.4. Statistical analysis

Statistical analyses were conducted on both 16S rDNA
and SSMS datasets. The data for bacteria with a relative
abundance greater than 1% were visualized using
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Figure 1. Overview of analytical plan for bacterial taxonomy
identification from stool samples using Full-Length 16S rDNA
Amplicon Sequencing (Full-length 16S rDNA) and Shallow Shotgun
Metagenome sequencing (SSMS).
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threshold cut-off values (38). Alpha diversity measures,
including Observed Species and Chaol, were utilized to
assess species richness, while the Shannon and Simpson
indices were employed to evaluate both richness and
evenness. Each alpha diversity measure was calculated
using the R software (version 3.5.0) with the vegan
package, aiming to examine microbiota diversity across
the datasets. The relative abundance was compared
between the two approaches using the Wilcoxon
signed-rank test, which was performed in Python using
the Pandas and SciPy libraries. Beta-diversity was
analyzed using PERMANOVA tests based on Bray-
Curtis and Jaccard distances, as implemented in the
MicrobiomeAnalyst tools (39). Statistical significance
was attributed to P-values less than 0.01 for ensuring
robust statistical interpretation.

2.5. Data availability

The raw sequence reads generated during this study
have been submitted to the NCBI Sequence Read
Archive database under the BioProject accession number
PRINA1089554. The raw reads for full-length 16S rDNA
sequencing and SSMS are available under BioSample
accessions SAMN40544624 and SAMN40544783,
respectively.

2.6. Ethics statement

The experiments were conducted after obtaining the
approval of Ethical Committee of the Khon Kaen
University Ethics Committee for Human Research on
HE681056. This Research was conducted in accordance
with the Declaration of Helsinki.

3. Results

3.1. Sequencing data

In this microbiome sequencing study, we compared two
different sequencing methods: 16S rDNA full-length by

Oxford Nanopore Technology sequencing (16S rDNA)
and shallow shotgun metagenomic sequencing by lon

Table 1. Sequencing statistic

Torrent System (SSMS). The dataset comprised 43
samples, yielding a range of 3,622 to 89,831 raw reads
for the 16s rDNA (mean: 11,677 + 2,38) and 1,590,861
to 3,200,974 raw reads for the SSMS 1,590,861 to
3,200,974 (mean: 2,449,982 + 44,489). The mapped
reads for 16S rDNA ranged from 1,453 to 62,973 with an
average of 8,489 + 1,705. For SSMS, the mapped reads
from 501,452 to 1,846,203, with a mean of 1,167,404
+ 52,511. Percentages of mapped reads were 46.96%
(95% CI: 4.51-19.02%) and 71.91% (95% CI: 40.12-
87.87%) for 16S rDNA full-length and shallow shotgun
metagenomic sequencing, respectively (Table 1). Our
findings provide important insights into the performance
of these two sequencing methods and their potential
application in microbiome studies.

3.2. Diversity of bacterial composition between shallow
shotgun metagenomic sequencing and full-length 16S
rDNA amplicon sequencing

To investigate gut microbial patterns associated with
technical methods, we compared available microbiome
data generated by two different approaches (shallow
shotgun metagenomic sequencing (SSMS) and full-
length 16S rDNA sequencing (full-length 16S rDNA)).
Initial analysis without data cut-off parameter revealed
a core microbiome of 7 phyla and 81 bacterial
species common to both protocols. However, SSMS
demonstrated greater sensitivity, identifying an additional
31 phyla, 1,235 genera, and 2,613 bacterial species. The
full-length 16S rDNA approach also detected unique
microbes, with 181 species belonging to 109 genera not
found in the SSMS dataset. Applying a 1% abundance
threshold narrowed the focus to a diverse bacterial
community composed of 7 distinct phyla, 83 genera, and
205 species. There was significant overlap between the
methods 47 genera (37.93%) and 113 species (54.00%)
detected by both approach), while each method also
demonstrated unique detection capabilities (13 genera
(10.13%) and 38 species (16.50%) unique to SSMS, 23
genera (51.90%) and 54 species (29.50%) unique to full-
length 16S rDNA sequencing (Figure 2). Furthermore,
we observed discrepancies in bacterial nomenclature

Sequencing approach

Types Statistic value
full-length 16S rDNA SSMS

No. of Reads Minimum 3,622 6,363,443
Maximum 89,831 12,803,895
Mean=+Std. 11,677 +2,387 9,799,926 + 177,956
95% CI of median (0.9685) 6,737 - 9,001 9,151,579 - 10,276,515

No. of Mapped Reads Minimum 1,453 501,452
Maximum 62,973 1,846,203
Mean + Std. 8,489 + 1,705 1,167,404 £ 52,511
95% CI of median (0.9685) 4,436 1,000,816

%mapped reads Mean =+ Std. 71.91 + 1.562 11.99 £ 0.5205
95% CI of median (0.9685) 40.12 - 87.87 4.51-19.02
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across databases. For example, Bacteroides vulgatus
was designated as Phocaeicola vulgatus, Eubacterium
eligens as Lachnospira eligens, and Clostridium bolteae
as Enterocloster bolteae (Supplemental Table S1, https://
www.biosciencetrends.com/supplementaldata/249). After
consolidating taxa names, our analysis identified 200
bacterial species with 79 genera. The full-length 16S
rDNA sequencing method detected a higher number of
species (161 species) compared to SSMS (96 species)

= Only SSMS = Both = Only Full-length 16S rDNA

100.00%

29.50%
80.00%

51.90%
60.00%
100.00%

54.00%
40.00%

37.97%

% number of identification taxa

20.00%

0.00%

Phylum Genus

Species

Figure 2. Bacterial taxonomic identification counts by sequencing
approach (phyla, genera, and species).

(Figure 2) and will therefore be used for further analysis.

Alpha diversity was quantified by observed richness
(Figure 3A), Chaol index (Figure 2B), Shannon's
diversity (Figure 3C), and Simpson's diversity (Figure
3D), to evaluate bacterial richness and evenness across
the two identification approaches. Analysis of full-length
16S rDNA sequencing revealed significantly higher
bacterial diversity compared to the SSMS method, as
demonstrated by all four diversity indices (Wilcoxon test,
p <0.01). Beta diversity analysis of the gut microbiome,
assessed using Bray-Curtis and Jaccard dissimilarity
indices, revealed significant separation between datasets
generated by the two sequencing approaches (p < 0.001,
Figure 3E and 3F).

3.3. Relative abundance and core species of gut
microbiome from shallow shotgun metagenomic
sequencing and full-Length 16S rDNA amplicon
sequencing

At the phylum level, Bacteroidetes predominated in
the SSMS method, accounting for 57.60% of the total
abundance, whereas it was the second most abundant
phylum in the full-length 16S rDNA sequencing
method, constituting 30.93%. Conversely, Firmicutes
was the most abundant phylum detected by the full-
length 16S rDNA method, representing 57.40% of
the observed microbiota, and was observed as the
second most abundant phylum in the SSMS method,
with a relative abundance of 28.93%. Additionally,
Proteobacteria exhibited a higher prevalence in the
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Figure 3. Comparison of gut microbiome diversity measures between sequencing approaches. Alpha diversity is represented by Observed
species (A), Chaol (B), Shannon index (C), and Simpson index (D), with significant differences determined by the Wilcoxon rank-sum test (p < 0.001).
Beta diversity is visualized using Principal Coordinate Analysis (PCoA) with Bray-Curtis (E) and Jaccard (F) dissimilarity indices, with statistical
significance determined by the PERMANOVA test (p < 0.001).
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SSMS dataset, with a relative abundance of 7.17%,
compared to 5.62% in the full-length 16S rDNA dataset
(Supplemental Table S2, https://www.biosciencetrends.
com/supplementaldata/249). The phyla Actinobacteria,
Fusobacteria, Lentisphaerae, and Verrucomicrobia
displayed low abundance in both methodologies (Figure
4A). However, the statistical analysis using the Wilcoxon
signed-rank test showed that the total abundance at the
phylum level is not significantly different between the
two approaches (p = 0.974).

At the genus level, Bacteroides emerged as the
most abundant genus within both datasets, although
its presence was significantly greater in the SSMS
dataset (47.18%) compared to the full-length 16S rDNA
method (Figure 4C). Conversely, Faecalibacterium
ranked as the second most abundant genus in the

SSMS dataset (10.10%) but demonstrated markedly
lower abundance in the full-length 16S rDNA dataset
(1.11%). In contrast, Prevotella exhibited a high relative
abundance of 8.36% in the full-length 16S rDNA
dataset, significantly exceeding its presence in the SSMS
dataset (1.83%). Other genera, including Alistipes,
Escherichia, Parabacteroides, and Akkermansia, also
showed higher relative abundances in the full-length
16S rDNA dataset compared to SSMS. Meanwhile,
Eubacterium, Roseburia, Bifidobacterium, Prevotella,
Oscillibacter, Clostridium, Blautia, and Ruminococcus
were more prevalent in the full-length 16S dataset
than in SSMS. Despite these variances at the genus
level, there was no significant difference in the overall
abundance of bacterial communities between the
two methods (P = 0.443), as shown in Figure 4B and
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Supplemental Table S2 (https.//www.biosciencetrends.
com/supplementaldata/249).

Notably, at the species level, Faecalibacterium
prausnitzii maintained a consistent dominance in
both the SSMS (11.07%) and full-length 16S rDNA
methodologies (9.94%). In stark contrast, Bacteroides
vulgatus was significantly more dominant in the SSMS
dataset, with 15.71%, compared to a considerably
lower prevalence of 4.66% in the full-length 16S rDNA
dataset. Additionally, a suite of species within the
Parabacteroides and Bacteroides genera exhibited higher
abundances solely in the full-length 16S rDNA dataset,
including Parabacteroides distasonis, Bacteroides
distasonis, Bacteroides dorei, Bacteroides uniformis,
Bacteroides fragilis, Bacteroides thetaiotaomicron,
Bacteroides xylanisolvens, Bacteroides caccae, and
Bacteroides ovatus. Conversely, Prevotella copri and
Oscillibacter valericigenes showed a notably higher
prevalence in the SSMS dataset, with relative abundances
of 6.90% and 5.16%, respectively. These data reveal
disparities at the species level, indicating a statistically
significant difference in the total relative abundance of
species between the two datasets, with an extremely
low P-value (P = 2.27e—13) as shown in Figure 4C and
Supplemental Table S2 (https.//www.biosciencetrends.
com/supplementaldata/249).

3.4. Differential detection of microbes using SSMS and
full-length 16S rDNA sequencing

The LEfSE analysis revealed marked significant
differences (p < 0.01, LDA > 5, LDA < -5) across 18
bacterial species, as depicted in Figure 4A. The nine
species—Escherichia coli, Bacteroides ovatus, Bacteroides
caccae, Parabacteroides distasonis, Bacteroides
thetaiotaomicron, Bacteroides fragilis, Bacteroides
dorei, Bacteroides uniformis, and Bacteroides vulgatus
exhibited elevated detection rates when analyzed using
SSMS, as shown in Figure 5B. In contrast, an equivalent
number of species, including Oscillibacter valericigenes,
Bacteroides plebeius, Lachnospira pectinoschiza, Blautia
obeum, Gemmiger formicilis, Ruminococcus torques,
Bacteroides massiliensis, Bacteroides stercoris, and
Megamonas rupellensis, demonstrated 50 to 0 percent
relative abundance when sequenced using the full-length
16S rDNA approach but were not detectable via SSMS,
as illustrated in Figure 5C. These findings underscore
significant disparities in the detection of relative
abundances of gut microbiota attributable to the two
sequencing methodologies employed.

4. Discussion

To comprehensively evaluate the bacteria taxa detection
from pair samples using two methods: 16S full-length
rDNA sequencing from oxford nanopore technology
with classification by the RDP database and shallow

shotgun metagenomic sequencing by ion torrent with
classification by Kraken2. Although the SSMS was
applied in this study, the number of bacterial reads
was identified as 1,167,404 reads (the average of 43
samples), consistent with previous reports that SSMS
data were assigned accuracy taxonomic in species levels
(40). Despite the similar time and cost requirements
of the two approaches, there is a substantial difference
in their data output, with one method yielding
approximately 839 times more data than the other. This
divergence is primarily attributed to the specific gene
amplification and random sequencing of all nucleotides,
which results in a low mapping ratio for the SSMS
approach, recorded at only 11.91%. Consequently, the
SSMS method required a significantly higher number of
reads compared to the full-length 16S rDNA sequencing
approach, which achieved a much higher mapping
percentage of approximately 71.91%. These findings
align with previous studies using V4 region 16S rDNA
sequencing, which reported mapping percentages of
94.4% (41).

Numerous studies have compared V4 or V3-V4 16S
rDNA sequencing with shotgun and shallow shotgun
metagenomic sequencing, with most findings suggesting
that SSMS is more effective for identifying bacterial
species than V4 or V3-V4 16S rDNA sequencing
(25,28,42). However, our results using full-length 16S
rDNA sequencing indicate the opposite. Our findings
show that 29.5% of the identified species were detected
exclusively by the full-length 16S rDNA method,
while only 16.5% were identified solely by the SSMS
method. Although without applying a cutoff to exclude
species with a relative abundance lower than 1%,
SSMS identified a larger number of species (2,613
species). Many of these identifications were at very
low abundance, suggesting that they may be artifact
reads. After applying the 1% cutoff, only 94 species
remained. This discrepancy may be due to the different
methodological sensitivities and biases inherent in each
approach. Full-length 16S rDNA sequencing provides
more comprehensive coverage of the rRNA gene,
which may lead to more accurate species identification,
particularly for low-abundance or rare taxa. In contrast,
SSMS, while effective at capturing a broad range of
species, may include a higher number of false positives,
especially when low-abundance thresholds are not
applied. We observed significant differences in the gut
microbial profiles between the two approaches, from
alpha diversity (richness) to beta diversity, even though
the Shannon index showed no significant difference.
This suggests that the methods differ in their ability to
capture species diversity and community composition.
Despite these differences, both methods consistently
identified Bacteroidetes and Firmicutes as the
predominant phyla, which aligns with previous studies
of the gut microbiome in healthy individuals (43,44).

The comparative analysis of shallow shotgun
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Figure 5. Identification of differentially abundant bacterial species. (A) Linear discriminant analysis (LDA) scores from LEfSe analysis reveal
species with differential abundance (p < 0.01, LDA > 5 or LDA <-5). SSMS (B) and full-length 16S rDNA sequencing (C) each show species with
significantly higher abundance as detected by their respective approaches, with significant differences determined by the Wilcoxon rank-sum test (p <

0.001).

metagenomic sequencing (SSMS) and full-length 16S
rDNA sequencing highlights distinct discrepancies
in the relative abundances of bacterial genera and
species within the gut microbiome. Both methods
efficiently capture major microbial groups; however,
they demonstrate significant variation in detecting less
abundant taxa. At the phylum level, Bacteroides and
Faecalibacterium were more prevalent in the SSMS
dataset, potentially reflecting the method's increased
sensitivity to these groups due to broader genomic
coverage and a more extensive database (45). This
observation aligns with prior studies that indicate SSMS
method efficacy in detecting a wide range of taxa,

particularly those with greater genomic diversity.

At the species level, Faecalibacterium prausnitzii
exhibited stable abundance across both methods,
underscoring its role as a resilient and central component
of the gut microbiome. F. prausnitzii, recognized for
its high prevalence within the human gut, has been
consistently linked to beneficial gut health effects, with
decreased levels associated with inflammatory diseases
such as Crohn's disease and ulcerative colitis (/3,46-
48). In contrast, notable differences in the abundance
of Bacteroides vulgatus and other Bacteroides species
between the SSMS and full-length 16S rDNA datasets
suggest that SSMS may either overestimate or capture
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strain-level variations not detected by full-length 16S
rDNA sequencing (49). Additionally, the prominence of
Prevotella copri and Oscillibacter valericigenes in the
SSMS dataset suggests that SSMS may better capture
specific species; however, this observation could be
influenced by low-abundance artifacts(50).

The SSMS method identified P. vulgatus, a
bacterium associated with gastrointestinal diseases
such as inflammatory bowel disease (IBD), colorectal
cancer, and obesity (50). Interestingly, Prevotella
copri, frequently associated with both beneficial and
detrimental health effects, was predominantly detected
in the SSMS dataset, while Oscillibacter valericigenes,
a challenging bacterium to culture linked to bacteremia,
showed low abundance in SSMS, suggesting a potential
advantage of the full-length 16S rDNA method
for profiling low-abundance taxa (5/). Moreover,
Lachnospira eligens, also referred to by its basionym
Eubacterium eligens, was detected by SSMS, while E.
eligens was primarily identified through full-length 16S
rDNA sequencing, illustrating taxonomic discrepancies
between the two methods due to database differences.
The consistent detection of Bacteroides dorei by SSMS,
known for promoting the proliferation of gut probiotics,
highlights SSMS's potential utility in identifying
functionally significant species (52).

The taxonomic naming discrepancies observed
between databases underscore the critical role
of database choice in microbiome research. The
RDP database, commonly used for full-length 16S
rDNA classification, contrasts with Kraken2, which
efficiently processes large datasets from high-
throughput sequencing platforms like Illumina and Ion
Torrent Torrent (53,54). Previous studies affirm that
database selection significantly affects the detection
and classification of microbiota, further complicating
comparisons across sequencing techniques (45).

Overall, both full-length 16S rDNA sequencing
and shallow shotgun metagenomic sequencing (SSMS)
demonstrated time- and cost-efficiency, making them
suitable for clinical applications. However, method and
database selection significantly impact the detection of
low-abundance gut microbiome species, emphasizing
the need for careful evaluation. The findings highlight
the need for critical evaluation of these methodologies,
as each offers unique benefits and limitations regarding
microbial diversity and relative abundance resolution.
A major strength of this study is the first comparative
analysis of full-length 16S rDNA sequencing and SSMS
within the same sample set, minimizing inter-sample
variability while providing a cost-effective, species-level
microbiome characterization. 16S rDNA sequencing
offers higher taxonomic resolution, particularly for
dominant bacterial species, whereas SSMS captures
some broader genomic insights detection the functional
genes as antibiotic resistance and virulence factors,
making it valuable for infection control. However,

SSMS requires higher data and cost compared to 16S
rDNA sequencing, which is approximately two times
more cost-effective, making it more practical for routine
clinical microbiome profiling. Despite these advantages,
certain limitations must be acknowledged. The small
sample size (n = 43) may impact generalizability, and
database-dependent taxonomic biases could influence
microbial classification. The observed method-
dependent differences suggest that an integrative
approach combining SSMS and full-length 16S rDNA
sequencing could provide a more comprehensive
microbiome profile. To advance microbiome research,
standardized classification pipelines are needed to
reduce inter-study variability. Expanding sample sizes
and diversifying study populations will enhance the
robustness and clinical relevance of findings. This
approach will enhance considerations for selecting
gut microbiome detection methods, facilitating its
integration into clinical diagnostics.

5. Conclusion

The comparative study of SSMS and full-length 16S
rDNA sequencing highlights the impact of sequencing
method and database choice on gut microbiome analysis.
Despite comparable time and cost requirements, SSMS
yielded significantly more data, primarily due to its
broad genomic coverage. However, the full-length 16S
rDNA approach offered higher mapping accuracy and
identified unique bacterial taxa, particularly at low
abundances. Differences in taxonomic classification
between RDP and Kraken2 further emphasize the
influence of database selection on identification
accuracy. Notably, Bacteroides vulgatus, Prevotella
copri and Oscillibacter valericigenes exhibited
method-dependent detection patterns, underscoring
the critical role of methodological choice in microbial
analysis. Given these differences, integrating SSMS
and full-length 16S rDNA sequencing may provide
a more comprehensive relevant representation of gut
microbiota. To advance microbiome research and its
clinical applications, the development of standardized
classification pipelines and expansion of study cohorts
with diverse populations are essential. These efforts will
enhance the accuracy, consistency, and clinical relevance
of microbial community profiling, ultimately deepening
our understanding of the gut microbiome's role in health
and disease.
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