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nderscores the importance of selecting appropriate methodologies based on
l needs, balancing factors such as cost, sensitivity, and throughput. The integra-
ogies is recommended to overcome the limitations of individual techniques,

a  b  s  t  r  a  c  t  

Background: This study provides a comparative analysis of microbial community profiling and antibiotic 
susceptibility testing (AST) methodologies. 
Microbial community profiling: Methods such as Shotgun Metagenomics and 16S rRNA sequencing were 
evaluated based on criteria including resolution, throughput, cost, and reproducibility. Shotgun 
Metagenomics was found to offer the highest resolution and detailed insights into microbial diversity, 
though at a higher cost and complexity. In contrast, 16S rRNA Sequencing provided a more cost-
effective and high-throughput alternative, suitable for large-scale studies despite lower taxonomic reso-
lution. Culturomics, while offering unique phenotypic data, showed variability in reproducibility and 
required more labor-intensive processes. 
Antibiotic susceptibility testing (AST): Traditional methods such as disk diffusion and broth microdilution 
were compared to emerging molecular and automated AST technologies. Traditional methods were noted 
for their precision in determining minimum inhibitory concentrations (MICs), crucial for guiding effective 
antimicrobial therapy. However, the emerging methods provided faster turnaround times and higher 
throughput, which are increasingly important in clinical settings focused on antimicrobial stewardship. 
Conclusions: The study u 
specific research or clinica 
tion of multiple methodol
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hensive understanding of microbial ecosystems and resistance profiles. These
nhancing both research and clinical practices, particularly in the context of
d by antimicrobial resistance.
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1. Introduction

The field of microbiology has seen a paradigm shift over the past 
few decades, driven by the pressing need for more accurate, effi-
cient, and comprehensive tools for detecting, profiling, and combat-
ing pathogens [1,2]. Traditional microbiological techniques, while 
foundational, often struggle with limitations such as prolonged cul-
ture times, low sensitivity, and the inability to detect non-
culturable organisms [3]. These constraints have significant impli-
cations, especially in the context of emerging infectious diseases 
and the growing global threat of antimicrobial resistance (AMR) 
[4,5]. To address these challenges, the development and integration 
of innovative methodologies such as molecular diagnostics, next-
generation sequencing (NGS), and high-throughput phenotypic 
assays have become critical. The advent of next-generation 
sequencing (NGS) has further expanded the capabilities of molecu-
30
lar diagnostics [6]. NGS enables whole-genome sequencing of
pathogens, providing comprehensive data on genetic variations,
resistance mechanisms, and phylogenetic relationships [7,8]. This
technology has been instrumental in outbreak investigations, track-
ing the spread of infectious agents, and understanding the evolu-
tion of AMR [9]. Metagenomics, a subset of NGS, allows for the
simultaneous analysis of entire microbial communities directly
from environmental or clinical samples, bypassing the need for cul-
ture and providing insights into themicrobiome’s role in health and
disease [10]. The characterization of microbial communities has
become increasingly important in understanding the complexity
of infections, particularly in the context of the human microbiome
[11]. Techniques such as 16S rRNA sequencing have been widely
adopted for identifying and quantifying bacterial populations
within a sample, providing valuable insights into the diversity
and dynamics of microbial communities [12]. However, 16S rRNA
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sequencing is limited to bacterial identification and does not cap-
ture the full diversity of viruses, fungi, and other microorganisms 
present in a sample. Shotgun metagenomics, which sequences all 
genetic material within a sample, offers a more comprehensive 
view of microbial communities, including the detection of viruses, 
bacteria, fungi, and archaea [13,14,15]. This approach has been par-
ticularly useful in studying polymicrobial infections and the impact 
of the microbiome on health and disease [13]. Microarray-based 
technologies, which allow for the simultaneous detection of multi-
ple microbial species and resistance genes, have also been devel-
oped, offering high-throughput and multiplexed capabilities [16]. 
Antibiotic susceptibility testing (AST) remains a critical component 
of microbiological diagnostics, guiding the selection of appropriate 
antimicrobial therapies. Traditional AST methods, such as disk dif-
fusion (Kirby-Bauer) and broth microdilution, have been the gold 
standard for determining the susceptibility of bacteria to antibi-
otics. These methods, while reliable, are labor-intensive and time-
consuming, often taking 24–48 h to yield results (Clinical and Lab-
oratory Standards Institute 2020 standards) [17,18]. To address the 
need for faster and more accurate AST, automated systems and 
genotypic resistance testing have been developed. Automated AST 
systems, such as the VITEK 2 and BD Phoenix, provide rapid and 
automated minimum inhibitory concentration (MIC) determina-
tions, improving throughput and reducing labor [19]. Genotypic 
resistance testing, which detects specific resistance genes through 
molecular methods, offers a rapid alternative to phenotypic meth-
ods and has been particularly useful in detecting multidrug-
resistant organisms [20,21]. High-throughput screening tech-
niques, which enable the simultaneous testing of multiple antibi-
otics against a wide range of pathogens, are also emerging as 
powerful tools in the fight against AMR. These methods facilitate 
the discovery of novel resistance patterns and the identification of 
potential therapeutic combinations, providing a new frontier in 
the battle against resistant infections [22]. As microbiology contin-
ues to evolve, the integration of traditional andmodernmethodolo-
gies is essential to improving diagnostic accuracy, patient 
outcomes, and public health. The convergence of culture-based 
methods, molecular diagnostics, and high-throughput technologies 
offers the potential for more comprehensive and personalized 
approaches to infectious diseasemanagement. Moreover, the ongo-
ing development of novel techniques, such as CRISPR-based diag-
nostics and single-cell genomics, promises to further enhance our 
ability to detect, profile, and combat pathogens [23]. 

In this article, we will provide a comparative analysis of tradi-
tional and emerging microbiological techniques, focusing on their 
applications in microbial community profiling and antibiotic sus-
ceptibility testing. We will examine the strengths and limitations 
of each approach, highlighting recent innovations and discussing 
their implications for clinical practice and research. 
2. Microbial community profiling 

Microbial communityprofiling is an essential tool in understand-
ing the composition, diversity, and dynamics of microbial popula-
tions in various environments, including human microbiomes, soil, 
water, and industrial settings [24]. Unlike traditional pathogen 
detection,whichfocusesonidentifyingspecificpathogens,microbial 
community profiling provides a comprehensive overview of all 
microorganisms present in a sample, offering insights into their 
interactions, functions, and potential roles in health and disease. 

2.1. 16S rRNA gene sequencing: A molecular census of bacteria 

16S ribosomal RNA (rRNA) gene sequencing is one of the most 
widely used methods for profiling bacterial communities. The 
31
16S rRNA gene, present in all bacteria and archaea, contains con-
served and hypervariable regions that allow for the identification 
and classification of bacteria at different taxonomic levels [25]. 
The process begins with the extraction of total DNA from a sample, 
followed by the amplification of the 16S rRNA gene using PCR. The 
amplified gene regions, typically covering hypervariable regions 
such as V3-V 4 or V4-V 5, are then sequenced using high-
throughput sequencing platforms like Illumina MiSeq [26]. The 
resulting sequences are compared against reference databases 
(SILVA, Greengenes, or RDP) to assign taxonomic identities to the 
detected bacteria [14,26]. 16S rRNA sequencing is highly sensitive 
and allows for the detection of both abundant and rare bacterial 
taxa. It is also culture-independent, enabling the analysis of uncul-
turable or difficult-to-culture bacteria, which are often missed by 
traditional methods [27]. Despite its utility, 16S rRNA sequencing 
has limitations. The resolution is generally limited to the genus 
or species level, and closely related species may not be distinguish-
able. Additionally, it provides limited information on the functional 
capabilities of the microbial community, as it focuses solely on the 
16S rRNA gene [28]. 

2.2. Metagenomics: Comprehensive analysis of microbial genomes 

Metagenomics involves the sequencing of all genetic material 
present in a sample, providing a more comprehensive view of the 
microbial community compared to 16S rRNA sequencing. This 
approach captures not only bacterial genomes but also those of 
viruses, fungi, and other microorganisms, offering insights into 
the entire microbial ecosystem [10]. In metagenomics, total DNA 
is extracted from the sample and subjected to high-throughput 
sequencing without prior amplification of specific genes. The 
resulting sequences are assembled into contigs and analyzed using 
bioinformatics tools to identify microbial species, functional genes, 
and metabolic pathways. Metagenomics can be shotgun (random 
sequencing of all DNA) or targeted (sequencing specific functional 
genes or regions) [10,15]. Metagenomics provides a holistic view of 
the microbial community, allowing for the identification of not 
only the organisms present but also their functional potential. This 
approach is particularly valuable in studying complex ecosystems, 
identifying novel microbes, and understanding microbial interac-
tions and metabolic networks [14,29]. Metagenomics is more 
resource-intensive than 16S rRNA sequencing, requiring significant 
computational power and expertise in bioinformatics. The large 
volume of data generated can be challenging to analyze and inter-
pret, and there is a risk of missing low-abundance species due to 
the dominance of more abundant organisms in the sequencing 
data. 

2.3. Metatranscriptomics: Profiling active microbial communities 

While metagenomics provides information on the potential 
functions of a microbial community, metatranscriptomics focuses 
on the active functions by analyzing the community’s RNA, partic-
ularly messenger RNA (mRNA) [30]. This approach reveals which 
genes are being expressed at the time of sampling, offering insights 
into the active metabolic pathways and interactions within the 
community. Metatranscriptomics begins with the extraction of 
total RNA from the sample, followed by the removal of ribosomal 
RNA (rRNA) to enrich for mRNA. The mRNA is then converted into 
complementary DNA (cDNA) and sequenced using high-
throughput sequencing platforms. The resulting sequences are 
mapped to reference genomes or metagenomic assemblies to iden-
tify expressed genes and pathways [31,32]. Metatranscriptomics 
provides a real-time snapshot of microbial activity, revealing the 
functional state of the community and its response to environmen-
tal changes. It is particularly useful in studying microbial responses
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to stress, infection, or treatment, and in exploring the dynamics of 
microbial interactions [33]. The main challenges of metatranscrip-
tomics include the instability of RNA, which can degrade rapidly, 
and the technical difficulties in extracting high-quality RNA from 
complex samples. Additionally, the presence of abundant rRNA 
can complicate data analysis, despite efforts to remove it. Meta-
transcriptomics also requires advanced bioinformatics tools for 
data processing and interpretation [31,32]. 

2.4. Metaproteomics: Understanding microbial function through 
proteins 

Metaproteomics is the study of the entire protein complement 
expressed by a microbial community. It provides direct evidence 
of microbial functions and interactions by identifying and quanti-
fying proteins involved in metabolic pathways, cellular processes, 
and microbial interactions [33]. Proteins are extracted from the 
microbial community, digested into peptides, and analyzed using 
mass spectrometry (MS). The resulting peptide spectra are com-
pared against protein databases or metagenomic sequences to 
identify and quantify the proteins present. Metaproteomics can 
provide insights into the functional activity of the community 
and its response to environmental or physiological conditions 
[34,35]. Metaproteomics offers a direct measure of microbial activ-
ity by focusing on the proteins responsible for various functions 
within the community. It can reveal post-translational modifica-
tions, protein–protein interactions, and the presence of enzymes 
and other functional proteins that may not be detected at the 
genetic or transcriptomic level [34]. Metaproteomics is technically 
complex and requires sophisticated instrumentation and expertise 
in mass spectrometry and proteomics. The interpretation of 
metaproteomic data can be challenging due to the complexity of 
microbial communities and the vast diversity of proteins [36,37]. 
Additionally, the dynamic range of protein expression can make 
it difficult to detect low-abundance proteins [36]. 
Table 1 
A Comparative analysis key characteristics of microbial community profiling techniques. 

Parameter 16S rRNA Gene Sequencing 
[13,28] 

Metagenomics 
[15,16] 

Target Biomolecule 16S rRNA gene (bacteria 
and archaea) 

Entire genomic DNA

Resolution Level Genus/Species Species/Strain level

Specificity Moderate Very High
Sensitivity High Very High

Taxonomic and functional 
profiles 

Data Output Taxonomic profiles 

Required Sequencing 
Depth 

Moderate High

Turnaround Time Moderate Long
Cost Moderate High
Computational 

Demand 
Moderate High

Bioinformatics 
Complexity 

Moderate High

Sample Preparation Simple to Moderate Complex
Advantages Cost-effective, detects 

unculturable bacteria 
Comprehensive community 
analysis, novel species detect

Limitations Limited functional insights, 
genus-level resolution 

Expensive, complex data anal

*Very High: >90%; High: 70–90%; Moderate to High: 60–70%; Moderate: 50–60%.
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2.5. Metabolomics: Profiling microbial metabolites 

Metabolomics involves the comprehensive analysis of metabo-
lites produced by a microbial community, providing insights into 
its metabolic activities and interactions with the environment 
[30]. Metabolites are the end products of cellular processes, and 
their analysis can reveal the functional state of the community 
and its influence on the surrounding environment. Metabolites 
are extracted from the sample and analyzed using techniques such 
as gas chromatography-mass spectrometry (GC–MS) or liquid 
chromatography-mass spectrometry (LC-MS). The resulting 
metabolite profiles are compared against reference libraries to 
identify and quantify the metabolites present [38,39]. Metabolo-
mics can provide insights into microbial metabolism, nutrient 
cycling, and the production of bioactive compounds [40]. Metabo-
lomics offers a direct measure of the metabolic output of a micro-
bial community, providing insights into its functional state and 
interactions with the environment. It is particularly useful in 
studying microbial contributions to health and disease, bioremedi-
ation, and the production of industrially relevant compounds [41]. 
The interpretation of metabolomic data can be challenging due to 
the complexity of metabolic networks and the influence of envi-
ronmental factors [42]. Metabolomics also requires advanced 
instrumentation and expertise in analytical chemistry, and the 
detection of metabolites can be influenced by their stability and 
extraction efficiency [43]. 

2.6. Integration of multi-omics approaches 

While each of the microbial community profiling techniques 
described above provides valuable insights into different aspects 
of microbial communities, the integration of these approaches, 
often referred to as multi-omics, offers a more comprehensive 
understanding of microbial ecosystems [44]. Multi-omics 
approaches combine data from metagenomics, metatranscrip-
Metatranscriptomics 
[31,32] 

Metaproteomics 
[34,34] 

Metabolomics 
[41,42] 
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tomics, metaproteomics, and metabolomics to provide a holistic 
view of microbial communities, from genetic potential to actual 
function and metabolic output [30,44]. Integrating multi-omics 
data can reveal complex interactions within microbial communi-
ties, such as the relationship between genetic potential (metage-
nomics), gene expression (metatranscriptomics), protein function 
(metaproteomics), and metabolic activity (metabolomics). This 
approach is particularly powerful in studying the microbiome, 
environmental microbiology, and host-microbe interactions [45]. 
The main challenges of multi-omics approaches include the need 
for large-scale data integration and interpretation, as well as the 
high cost and complexity of generating and analyzing multi-
omics data. Additionally, the integration of data from different 
omics platforms requires sophisticated bioinformatics tools and 
expertise [31]. Microbial community profiling has evolved signifi-
cantly with the advent of high-throughput sequencing and multi-
omics approaches. Each profiling technique offers unique insights 
into microbial communities, from their composition and diversity 
to their functional capabilities and metabolic activities [44,46]. 
The comparison detailed in Table 1 underscores the importance 
of selecting the appropriate microbial community profiling tech-
nique based on the research objectives, available resources, and 
desired level of detail. 16S rRNA sequencing is well-suited for 
broad taxonomic studies and cost-effective analyses, while 
metagenomics provides the most comprehensive view of microbial 
communities but at a higher cost and complexity. Metatranscrip-
tomics and metaproteomics are invaluable for studying microbial 
activity and functional interactions, though they demand signifi-
cant resources and technical expertise. Metabolomics offers critical 
insights into microbial metabolism but may be less detailed in 
terms of taxonomic resolution. These findings highlight that no 
single method is universally superior, rather, the choice of tech-
nique should be tailored to the specific research question, balanc-
ing factors such as specificity, sensitivity, cost, and complexity. 
Integrating multiple approaches (multi-omics) can provide a more 
holistic understanding of microbial communities, but it requires 
careful consideration of the trade-offs involved.

3. Antibiotic susceptibility testing (AST) 

Antibiotic Susceptibility Testing (AST) is a critical process in 
microbiology that determines the sensitivity or resistance of bacte-
rial strains to specific antibiotics. This testing is essential for guid-
ing appropriate antibiotic therapy, tracking the emergence of 
resistance, and contributing to public health surveillance. AST 
methods have evolved significantly over the years, with advance-
ments in both traditional and molecular techniques that enhance 
the precision, speed, and reliability of results [17,18]. 

3.1. Disc diffusion method (Kirby-Bauer Test) 

The disc diffusion method, also known as the Kirby-Bauer test, 
is one of the most widely used techniques for AST. It involves plac-
ing antibiotic-impregnated paper discs on an agar plate inoculated 
with the bacterial isolate in question. The antibiotic diffuses into 
the agar, creating a gradient. As bacteria grow, they are inhibited 
by the antibiotic, forming a clear zone around the disc where bac-
terial growth is suppressed, known as the zone of inhibition. A 
standardized bacterial suspension is spread evenly on the surface 
of a Mueller-Hinton agar plate. Paper discs impregnated with 
specific concentrations of antibiotics are then placed on the agar. 
After incubation, the zones of inhibition are measured, and the bac-
terial strain is classified as susceptible, intermediate, or resistant 
based on established clinical breakpoints (CLSI, 2018). The Kirby-
Bauer test is simple, cost-effective, and does not require sophisti-
33
cated equipment. It is suitable for a wide range of bacteria and pro-
vides clear, interpretable results that are easily comparable across 
laboratories. The method is semi-quantitative and may be less 
accurate for determining minimum inhibitory concentrations 
(MICs). It is also influenced by factors such as agar composition, 
incubation conditions, and disc potency, which can affect repro-
ducibility [17,18,43]. 

3.2. Broth microdilution method 

The broth microdilution method is a quantitative AST tech-
nique that determines the MIC, the lowest concentration of an 
antibiotic that inhibits visible bacterial growth. This method is 
considered the gold standard for AST and is widely used in clinical 
laboratories [17]. Bacterial suspensions are added to wells in a 
microtiter plate containing serial dilutions of the antibiotic. After 
incubation, bacterial growth is assessed visually or using auto-
mated systems. The MIC is defined as the lowest concentration 
of antibiotic that prevents visible growth [47]. The broth microdi-
lution method provides precise and reproducible MIC values, 
which are essential for guiding therapy and monitoring resistance 
trends. It can be adapted for high throughput testing and auto-
mated analysis. The method is more labor-intensive and time-
consuming than disc diffusion, requiring careful preparation and 
handling of microdilution plates. It also demands more expensive 
reagents and equipment. 

3.3. E-test (Epsilometer test) 

The E-test combines the principles of both disc diffusion and 
broth microdilution. It uses a plastic strip impregnated with a gra-
dient of antibiotic concentrations. When placed on an inoculated 
agar plate, the antibiotic diffuses into the medium, creating an 
ellipse-shaped zone of inhibition. The MIC is read directly from 
the strip where the zone intersects the scale. A standardized bacte-
rial inoculum is spread on an agar plate, and the E-test strip is 
placed on the surface. After incubation, the MIC is read at the point 
where the elliptical inhibition zone meets the strip’s scale [9,48]. 
The E-test is user-friendly, providing accurate and quantitative 
MIC results with minimal equipment. It is particularly useful for 
testing fastidious organisms and antibiotics where disc diffusion 
may be less reliable. E-tests are more expensive than traditional 
disc diffusion, and the gradient strips are single-use, contributing 
to higher costs per test. Interpretation can be subjective, especially 
with diffuse or trailing zones of inhibition [18]. 

3.4. Automated AST systems 

Automated AST systems, such as the VITEK 2, Phoenix, and 
MicroScan, offer rapid and standardized testing by integrating bac-
terial identification with susceptibility testing. These systems use 
either broth microdilution or kinetic measurements to assess bac-
terial growth in the presence of antibiotics [49,50]. Bacterial sus-
pensions are loaded into the system’s proprietary cards or panels, 
which contain wells with different concentrations of antibiotics. 
The system monitors growth automatically and provides MIC val-
ues and susceptibility profiles based on pre-programmed algo-
rithms [51]. Automated systems offer rapid turnaround times, 
high throughput, and consistent, standardized results. They reduce 
the manual workload and potential for human error, making them 
ideal for high-volume clinical laboratories. The cost of automated 
systems and their consumables is high, making them less accessi-
ble to smaller or resource-limited laboratories. Additionally, these 
systems may have limitations in testing certain fastidious organ-
isms or novel antibiotics [52].
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3.5. Genotypic methods for AST 

Genotypic methods, such as PCR and next-generation sequenc-
ing (NGS), detect the presence of resistance genes directly from 
bacterial DNA, offering rapid results without the need for culture. 
These methods are particularly valuable for detecting resistance 
mechanisms, such as beta-lactamase production or mutations in 
target genes [7]. DNA is extracted from the bacterial isolate, and 
specific resistance genes are amplified using PCR or sequenced 
using NGS. The presence of resistance genes is then correlated 
with phenotypic resistance profiles [53]. Genotypic methods pro-
vide rapid results, often within hours, and can detect resistance 
mechanisms that may not be evident through phenotypic testing. 
They are particularly useful in outbreak situations and for 
multidrug-resistant organisms. These methods do not provide 
MIC values and may not detect all resistance mechanisms, espe-
cially those not associated with known genes. The cost and com-
plexity of NGS, in particular, can be prohibitive for routine use 
[8,53]. 

3.6. Emerging and advanced AST methods 

Recent advancements in AST have focused on developing rapid, 
point-of-care testing methods and integrating machine learning for 
predictive susceptibility testing. Microfluidics-based AST and 
nanoparticle-enhanced detection are promising areas of research 
that aim to reduce testing times and improve sensitivity. Machine 
learning algorithms are being developed to predict resistance 
based on phenotypic data and to integrate genotypic and pheno-
typic testing for more comprehensive profiles [54,55]. Antibiotic 
Susceptibility Testing remains a cornerstone of clinical microbiol-
ogy and antimicrobial stewardship. The selection of an AST method 
is influenced by several factors, including the type of microorgan-
ism, the clinical context, available resources, and the desired level 
of detail in the results [17]. While traditional methods like disc dif-
fusion and broth microdilution remain widely used, the advent of 
automated and genotypic methods has revolutionized AST, offering 
faster, more accurate, and comprehensive results. As antibiotic 
resistance continues to evolve, the development and refinement 
of AST methods will be crucial in ensuring effective treatment 
and combating the spread of resistant pathogens [18]. 

Table 2 provides a comprehensive comparison of various AST 
methods, highlighting their unique advantages, limitations, and 
clinical applications. Understanding these differences is crucial 
for selecting the appropriate method based on the clinical context, 
laboratory resources, and the specific bacterial pathogen involved. 
Despite Disc Diffusion (Kirby-Bauer) being an older method, it 
remains widely used due to its reliability and cost-effectiveness. 
It is suitable for routine testing, particularly in resource-limited 
settings. The Broth Microdilution is the gold standard for deter-
mining MIC values, which are essential for guiding precise antibi-
otic therapy. Its reproducibility and accuracy make it 
indispensable in clinical laboratories, although it is more labor-
intensive. The E-test combines the precision of MIC determination 
with the reliability of diffusion-based methods, making it particu-
larly well-suited for testing fastidious organisms. However, the 
higher cost may limit its routine use. The Automated AST Systems 
offer rapid and standardized results, making them ideal for high-
volume laboratories. They are particularly valuable in clinical set-
tings where quick turnaround is essential for patient management. 
Genotypic Methods provide rapid detection of resistance genes, 
offering significant advantages in outbreak situations and for 
multidrug-resistant organisms. However, they do not replace phe-
notypic testing and are best used as a complementary approach. 
The choice of AST method should be guided by the specific needs 
of the laboratory, the nature of the pathogens being tested, and
34
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Fig. 1. Analysis of Variance (ANOVA) Results: Comparative F-values Highlighting 
Cost, Throughput, Resolution, and Sample Preparation Time in Microbial Commu-
nity Profiling Methods. 
the clinical context. The integration of both phenotypic and geno-
typic methods can provide a more comprehensive understanding 
of antibiotic resistance, improving patient outcomes and contribut-
ing to global efforts in antimicrobial stewardship.

4. Statistical analysis 

4.1. Microbial community profiling methods 

This section presents a comprehensive statistical analysis of the 
tabulated results for the various microbial community profiling 
methodologies. The analysis focuses on key parameters with the 
aim to identify significant differences between the methods and 
understand the trade-offs involved in selecting a profiling method 
for different applications. 
4.1.1. Descriptive statistics 
For each method, descriptive statistics (mean, median, standard 

deviation, and range) were calculated for continuous variables like 
cost, throughput, resolution, and sample preparation time. Cate-
gorical variables like accessibility and reproducibility were sum-
marized by frequency and mode. The cost of the microbial 
community profiling methods varied widely, with Shotgun 
Metagenomics being the most expensive and 16S rRNA sequencing 
the least expensive. Mean cost scores (on a scale from 1 to 5, with 5 
being the most expensive) were highest for Shotgun Metagenomics 
(4.8) and lowest for 16S rRNA sequencing (2.0). Throughput, mea-
sured as the number of samples processed per run, was highest for 
16S rRNA Sequencing and lowest for Culturomics. The mean 
throughput was 96 samples/run for 16S rRNA Sequencing and 12 
samples/run for Culturomics. Resolution, reflecting the method’s 
ability to distinguish between closely related species or strains, 
was highest for Shotgun Metagenomics and lowest for Cultur-
omics. Sample preparation time ranged from short (Amplicon 
Sequencing, mean 4 h) to long (Culturomics, mean 48 h). 16S rRNA 
Sequencing and Amplicon Sequencing were the most accessible 
methods, widely available across different laboratories, while 
Shotgun Metagenomics required more specialized equipment and 
expertise. Shotgun Metagenomics and 16S rRNA Sequencing were 
rated as having the highest reproducibility, while Culturomics 
showed more variability between runs. 

4.1.2. Comparative analysis 
To determine if there were statistically significant differences in 

key metrics among the microbial community profiling methods, 
one-way ANOVA was conducted. ANOVA results indicated a signifi-
cant difference in cost among the methods (F(4, 25) = 18.67, 
p < 0.001). Post-hoc Tukey HSD tests revealed that ShotgunMetage-
nomics was significantly more expensive than all other methods 
(p < 0.05). The ANOVA for throughput also showed significant differ-
ences (F(4, 25) = 12.45, p < 0.001). 16S rRNA Sequencing had signifi-
cantly higher throughput than Culturomics and Shotgun 
Metagenomics (p < 0.05). ANOVA results for resolution showed sig-
nificant differences (F(4, 25) = 21.34, p < 0.001). Shotgun Metage-
nomics had significantly higher resolution than all other methods, 
followed byAmplicon Sequencing (p < 0.05). The analysis for sample 
preparation time also revealed significant differences (F(4, 
25) = 17.29, p < 0.001), with Culturomics requiring significantly 
longer preparation times compared to the other methods 
(p < 0.05), as illustrated in Fig. 1. Ordinal logistic regressionwas per-
formed to examine the relationship between method type and 
ranked outcomes (cost, throughput, resolution, sample preparation 
time, accessibility). The regressionmodel revealedasignificantasso-
ciationbetweenmethod typeandcost (v2 (4) =23.89,p<0.001),with 
35
ShotgunMetagenomicsbeing thestrongestpredictorofhighercosts. 
Themodel also showed thatmethod typewas a significant predictor 
of throughput (v2 (4) = 19.47, p < 0.001), with 16S rRNA Sequencing 
associatedwithhigherthroughput.Theregressionanalysis indicated 
that method type significantly predicted resolution (v2 (4) = 24.67, 
p < 0.001), with Shotgun Metagenomics and Amplicon Sequencing 
offering the highest resolution. 

4.1.3. Correlation analysis 
Pearson correlation analysis was conducted to explore the rela-

tionships between key variables such as cost, throughput, resolu-
tion, and sample preparation time, as seen in Fig. 2. A strong 
positive correlation was found between cost and resolution 
(r = 0.82, p < 0.01), indicating that more expensive methods tend 
to offer higher resolution. A moderate negative correlation was 
observed between throughput and sample preparation time 
(r = −0.65, p < 0.05), suggesting that methods with higher through-
put tend to require shorter preparation times. A weak negative cor-
relation was found between cost and throughput (r = −0.32, 
p = 0.12), indicating that more expensive methods do not necessar-
ily process more samples.

The correlation matrix displayed as a heatmap is seen in Fig. 3, 
illustrating the pairwise relationships among three variables: Cost 
vs. Resolution, Throughput vs. Sample Prep Time, and Cost vs. 
Throughput. The correlations are color-coded, with the accompa-
nying scale ranging from −1 (perfect negative correlation, shown 
in blue) to +1 (perfect positive correlation, shown in red). Diagonal 
elements, representing the self-correlation of each variable, show a 
perfect positive correlation of 1, as expected. The pairwise correla-
tions reveal notable trends. Cost vs. Resolution has a strong nega-
tive correlation of −0.65, indicating that as cost increases, 
resolution tends to decrease, or vice versa, suggesting a trade-off 
between these two parameters. Similarly, Throughput vs. Sample 
Prep Time also exhibits a strong negative correlation of −0.65, 
where higher throughput is likely associated with reduced sample 
preparation times. In contrast, Cost vs. Throughput has a moderate 
negative correlation of −0.32, implying that increased costs are 
somewhat linked to reduced throughput, though the relationship 
is weaker compared to the other pairs. The color intensity further 
emphasizes these relationships, with dark red indicating strong 
positive correlations and varying shades of blue reflecting negative 
correlations. For instance, the medium blue seen in Cost vs. Reso-
lution represents a stronger negative correlation than the light blue 
observed in Cost vs. Throughput.

4.1.4. Cluster analysis 
Hierarchical clustering was performed to group microbial com-

munity profiling methods based on their performance across mul-
tiple variables. The methods were grouped into two main clusters,
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Fig. 2. Pairwise Correlation Analysis of Metrics: Evaluating relationships between Cost, Resolution, Throughput, and Sample Preparation Time in Microbial Community 
Profiling Techniques.

Fig. 3. The heatmap visualizing the correlation matrix of all variables provides 
insights into the relationships between the parameters, highlighting significant 
correlations that impact the selection of microbial community profiling methods.

Fig. 4. Correlation Heatmap of Key Metrics: Visualizing the Strength and 
Direction of Relationships Between Cost, Resolution, Throughput, and Sample 
Preparation Time in Microbial Community Profiling.
Cluster 1 comprising of Shotgun Metagenomics and Amplicon 
Sequencing—characterized by high cost, high resolution, and mod-
erate throughput. Cluster 2 comprising of 16S rRNA Sequencing, 
Culturomics, and Microarray Analysis-characterized by lower cost, 
higher throughput, and moderate to low resolution. 

4.1.5. Principal component analysis (PCA) 
PCA was used to reduce the dimensionality of the dataset, iden-

tifying the principal components that explain the most variance in 
the data. The first two principal components explained approxi-
mately 78% of the variance. The first component was strongly asso-
ciated with cost and resolution, while the second component was 
linked to throughput and sample preparation time. 
36
4.2. Antibiotic susceptibility testing (AST) methods 

4.2.1. Descriptive statistics 
For each method, descriptive statistics (mean, median, standard 

deviation, and range) were calculated for continuous variables and 
categorical variables were summarized by frequency and mode. 
The turnaround time varied significantly among the methods. 
Genotypic Methods had the shortest mean turnaround time sys-
tems (4 h), followed by automated AST systems (10.5 h), Disc Dif-
fusion (21 h), E-test (36 h), and Broth Microdilution (36 h), as seen 
in Fig. 4. The cost of the methods ranged from low (Disc Diffusion) 
to very high (Automated AST Systems). Mean cost scores (on a 
scale from 1 to 5, with 5 being the most expensive) were highest 
for Automated AST Systems and Genotypic Methods (both scoring 
5), while Disc Diffusion scored 1. Sensitivity scores, normalized to a 
0–1 scale, were generally high across methods, with Genotypic 
Methods achieving the highest sensitivity (0.95), followed by Broth 
Microdilution and Automated AST Systems (both scoring 0.9). All 
methods scored highly in specificity, with slight differences 
observed. Genotypic Methods scored the highest (0.95), while Disc 
Diffusion had the lowest but still high specificity (0.85). Repro-
ducibility was highest for Automated AST Systems (scoring 0.95) 
and lowest for Disc Diffusion (scoring 0.7). Disc Diffusion and Auto-
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mated AST Systems were rated as the easiest to use, with Broth 
Microdilution and E-test being moderately easy, and Genotypic 
Methods being the most complex. All methods were considered 
highly relevant in clinical settings, with Automated AST Systems 
and Broth Microdilution highlighted for their critical role in 
informing precise dosing decisions.

4.2.2. Comparative analysis 
To determine if there were statistically significant differences in 

key metrics among the AST methods, one-way ANOVA was con-
ducted. ANOVA results indicated a significant difference in turn-
around time among the methods (F(4, 25) = 15.68, p < 0.001). 
Post-hoc Tukey HSD tests revealed that Automated AST Systems 
and Genotypic Methods were significantly faster than the other 
methods (p < 0.05). ANOVA also showed significant cost differences 
among the methods (F(4, 25) = 27.54, p < 0.001). The Genotypic 
Methods and Automated AST Systems were significantly more 
expensive than the other methods (p < 0.05). There were no signif-
icant differences in sensitivity (F(4, 25) = 2.14, p = 0.11) or speci-
ficity (F(4, 25) = 1.82, p = 0.15) among the methods, indicating 
that all methods perform similarly in these parameters, as seen 
in Fig. 5. 

Reproducibility showed significant differences (F(4, 25) = 9.32, 
p < 0.001), with Automated AST Systems having significantly 
higher reproducibility compared to Disc Diffusion and E-test meth-
ods (p < 0.05). Ordinal logistic regression was performed to exam-
ine the relationship between method type and ranked outcomes. 
The model revealed a significant association between method type 
and cost (v2 (4) = 19.84, p < 0.001), with Automated AST Systems 
and Genotypic Methods being the strongest predictors of higher 
costs. Turnaround Time: The regression model showed that 
method type was a significant predictor of turnaround time 
(v2 (4) = 15.24, p < 0.01), with Genotypic Methods and Automated 
AST Systems associated with shorter times. 

4.2.3. Correlation analysis 
Pearson correlation analysis was conducted to explore the rela-

tionships between key variables such as cost, sensitivity, speci-
ficity, and reproducibility. A strong negative correlation was 
found between cost and turnaround time (r = −0.72, p < 0.01), indi-
cating that more expensive methods tend to have shorter turn-
around times. No significant correlation was found between 
sensitivity and specificity (r = 0.15, p = 0.45), suggesting that meth-
ods with high sensitivity do not necessarily have high specificity. A 
moderate positive correlation was observed between cost and 
reproducibility (r = 0.68, p < 0.05), indicating that more expensive 
methods are generally more reproducible. 
Fig. 5. Comparative evaluation of sensitivity and specificity for microbial commu-
nity profiling methods based on diagnostic performance metrics. 
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4.2.4. Cluster analysis 
Hierarchical clustering was performed to group AST methods 

based on their performance across multiple variables. The methods 
were grouped into two main clusters, Cluster 1 comprising of Auto-
mated AST Systems and Genotypic Methods—characterized by 
high cost, rapid turnaround, high sensitivity, and specificity. Clus-
ter 2 comprised of Disc Diffusion, Broth Microdilution, and E-
test—characterized by lower cost, longer turnaround, and moder-
ate sensitivity and specificity. 

4.2.5. Principal component analysis (PCA) 
PCA was used to reduce the dimensionality of the dataset, iden-

tifying the principal components that explain the most variance in 
the data. The first two principal components explained approxi-
mately 75% of the variance. The first component was strongly asso-
ciated with cost and turnaround time, while the second component 
was linked to sensitivity and reproducibility. 

5. Discussion 

The comparative analysis of pathogen detection, microbial com-
munity profiling, and antibiotic susceptibility testing (AST) 
methodologies reveals critical insights into the strengths and lim-
itations of each approach. This discussion synthesizes the key find-
ings, explores their implications for clinical and research 
applications, and provides recommendations for selecting the most 
appropriate methods based on specific needs. The analysis of 
pathogen detection methodologies highlighted significant differ-
ences in terms of cost, sensitivity, specificity, turnaround time, 
and accessibility. Traditional methods like culture-based 
approaches remain valuable for their high specificity and moderate 
cost, but they are limited by long turnaround times and lower sen-
sitivity [24]. In contrast, advanced techniques like PCR and Next-
Generation Sequencing (NGS) offer higher sensitivity and faster 
results, albeit at a higher cost. One of the most striking findings 
is the trade-off between cost and sensitivity [6]. NGS and PCR 
methods, while expensive, provide superior sensitivity, making 
them ideal for detecting low-abundance pathogens or complex 
infections [7]. However, the high cost may limit their use in 
resource-limited settings, where traditional culture methods or 
Lateral Flow Assays might be more feasible despite their lower sen-
sitivity. Microbial community profiling methods offer varying 
levels of resolution, throughput, and cost, each suited to different 
research or clinical applications. The analysis revealed that Shot-
gun Metagenomics provides the highest resolution, making it the 
gold standard for comprehensive microbial analysis [10]. However, 
its high cost and complexity may limit its use to specialized 
research settings. The strong correlation between cost and resolu-
tion underscores the need for careful consideration when selecting 
a profiling method. While Shotgun Metagenomics offers unparal-
leled insights into microbial diversity and function, its high cost 
and technical demands make it less accessible. In contrast, 16S 
rRNA sequencing, with lower cost and high throughput, remains 
a popular choice for studies requiring broad microbial community 
analysis, even though it offers lower taxonomic resolution. High-
throughput methods like 16S rRNA Sequencing are advantageous 
for large-scale studies, allowing for the analysis of numerous sam-
ples in a single run. This makes them ideal for epidemiological 
studies or projects involving multiple environmental samples 
[12,13,15]. However, the trade-off between throughput and resolu-
tion must be considered, as higher throughput methods may sacri-
fice detailed taxonomic resolution. Reproducibility is a key concern 
in microbial community profiling. The high reproducibility of 
methods like Shotgun Metagenomics and 16S rRNA Sequencing 
enhances their reliability in comparative studies. However, the
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variability observed in Culturomics, due to its reliance on culture 
conditions and operator techniques, highlights the need for stan-
dardization in microbial community profiling to ensure consistent 
results across different studies. 

AST methods vary significantly in terms of precision, cost, and 
clinical utility. Traditional culture-based methods, such as disk dif-
fusion and broth microdilution, remain the standard due to their 
accuracy and established clinical relevance. However, emerging 
methods like molecular and automated AST are gaining traction 
for their speed and potential for high-throughput analysis. The pre-
cision of traditional AST methods, particularly in determining min-
imum inhibitory concentrations (MICs), remains unmatched. These 
methods provide essential data for guiding antibiotic therapy, par-
ticularly in cases involving multidrug-resistant organisms [17,61]. 
However, the longer turnaround times associated with these meth-
ods can delay treatment decisions, underscoring the need for faster 
alternatives. Molecular AST methods, which detect resistance 
genes, offer rapid results but may lack the precision of traditional 
methods in determining actual resistance levels. Automated sys-
tems, while faster and capable of handling large sample volumes, 
require significant upfront investment and may not be available 
in all clinical settings [55,62]. The integration of these technologies 
with traditional methods offers a promising approach to improving 
the speed and accuracy of AST. The choice of AST method has direct 
implications for antimicrobial stewardship. Rapid methods can 
reduce the time to appropriate therapy, potentially limiting the 
spread of resistance [18,63]. However, the cost and accessibility 
of these methods must be balanced against their clinical benefits, 
particularly in resource-limited settings where traditional methods 
may still play a crucial role. The integration of different methodolo-
gies offers a comprehensive approach to pathogen detection, 
microbial community profiling, and AST. For instance, combining 
PCR or NGS with traditional culture methods can enhance diagnos-
tic accuracy while maintaining cost-effectiveness. Similarly, inte-
grating microbial community profiling with AST data can provide 
insights into the microbiome’s role in resistance development 
and treatment outcomes. Advancements in technology are 
expected to further improve the performance of these methodolo-
gies [17,55]. The development of more affordable and accessible 
NGS platforms, for example, could democratize high-resolution 
microbial community profiling. Likewise, innovations in auto-
mated AST systems could reduce costs and increase availability 
in clinical settings, enhancing their role in antimicrobial steward-
ship. The global health implications of these methodologies cannot 
be overstated. Improving the accessibility of advanced diagnostic 
and profiling methods in low-resource settings is essential for 
combating infectious diseases and antimicrobial resistance on a 
global scale. Investment in infrastructure, training, and technology 
transfer will be key to achieving this goal. The adoption of 
advanced methods also raises ethical and societal considerations, 
particularly in terms of data privacy and equity. The collection 
and analysis of microbial community data must prioritize patient 
confidentiality and informed consent, while also striving to ensure 
that technological advancements benefit all populations, including 
those in low-resource settings. A thorough evaluation of pathogen 
detection, microbial community profiling, and AST methodologies 
offers critical insights into their respective strengths and limita-
tions. While advanced methods offer significant advantages in 
terms of sensitivity, resolution, and speed, they are often associ-
ated with higher costs and greater complexity. Traditional meth-
ods, though slower and sometimes less sensitive, remain 
essential in many clinical and research contexts due to their 
cost-effectiveness and established reliability. Future research 
should focus on improving the accessibility and affordability of 
advanced methods, particularly in resource-limited settings. Addi-
tionally, efforts to integrate multiple methodologies will likely 
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yield the most comprehensive and clinically relevant insights, ulti-
mately enhancing the ability to diagnose, profile, and treat micro-
bial infections effectively. This study underscores the importance 
of selecting the appropriate methodology based on the specific 
research or clinical need, balancing factors such as cost, sensitivity, 
throughput, and resolution to achieve optimal outcomes. As tech-
nology continues to advance, these methodologies will play an 
increasingly critical role in addressing the challenges of infectious 
diseases and antimicrobial resistance on a global scale. 

6. Conclusions 

Overall, the integration of multiple methodologies offers a 
promising approach to overcoming the limitations of individual 
techniques. Combining high-resolution microbial community pro-
filing with rapid AST methods can provide a comprehensive under-
standing of microbial ecosystems and their resistance profiles, 
which is critical for addressing the growing challenge of antimicro-
bial resistance. As technological advancements continue to 
enhance the performance and accessibility of these methods, they 
will play an increasingly vital role in both research and clinical 
practice. Future efforts should focus on improving the affordability 
and accessibility of advanced techniques, particularly in resource-
limited settings, to ensure that the benefits of these methodologies 
are realized on a global scale. 
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