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Abstract
Purpose of Review  The role of the gut microbiome in prostate cancer is an emerging area of research interest. However, 
no single causative organism has yet been identified. The goal of this paper is to examine the role of the microbiome in 
prostate cancer and summarize the challenges relating to methodology in specimen collection, sequencing technology, and 
interpretation of results.
Recent Findings  Significant heterogeneity still exists in methodology for stool sampling/storage, preservative options, DNA 
extraction, and sequencing database selection/in silico processing. Debate persists over primer choice in amplicon sequenc-
ing as well as optimal methods for data normalization. Statistical methods for longitudinal microbiome analysis continue 
to undergo refinement.
Summary  While standardization of methodology may help yield more consistent results for organism identification in pros-
tate cancer, this is a difficult task due to considerable procedural variation at each step in the process. Further reproducibility 
and methodology research is required.

Keywords  Gut microbiome · Prostate cancer · Methods · Challenges · Sample collection · Sequencing

Introduction

Cancer and the Microbiome

Cancer is often the result of multifactorial processes, 
including genetic predisposition and environmental/physi-
ological factors. Recently, there has been increasing inter-
est and research in the role of the human microbiome in 
cancer development. The human microbiome is composed 
of microorganisms, including bacteria, viruses, fungi, and 
protozoa, which are harbored externally (e.g., on our skin) 
and internally (e.g., oral cavity, genitourinary tract, and 

gastrointestinal tract) [1••]. When the physiologic compo-
sition of the microbiome is dysregulated and thought to con-
tribute to disease processes, it is termed dysbiosis.

While there are standard organisms that colonize particu-
lar anatomical locations, there are some differences based on 
genetic predisposition, dietary, environmental exposures, and 
other individual factors [2•]. One of the leading hypotheses 
linking the microbiome to pathology is the concept of direct 
damage to an organ via inflammation or toxin exposures, and 
there is now a long-standing precedent for the direct involve-
ment of microbes in cancer development (e.g., Helicobacter 
pylori, human papiloma virus (HPV). A more recent example 
from the gut microbiome is the potential role of genotoxins such 
as colibactin produced by bacteria harboring the polyketone 
synthase (pks) gene that can cause genetic insults in addition to 
the traditional reactive oxygen species generated from inflam-
mation [3]. However, attributing causation continues to be elu-
sive, especially with respect to general dysbiosis of the gut. 
General dysbiosis can lead to inflammation in the gut where 
wall integrity is impaired, increasing permeability to potentially 
damaging metabolites such as bacterial lipopolysaccharide or 
short-chain fatty acids, leading to systemic indirect effects 
[2•, 4•]. Indirect mechanisms have also been suggested with 

 *	 Michael Liss 
	 liss@uthscsa.edu

1	 Department of Urology, UT Health San Antonio, 7703 Floyd 
Curl Dr, San Antonio, TX 78229, USA

2	 Glenn Biggs Institute for Alzheimer’s & Neurodegenerative 
Diseases, UT Health San Antonio, San Antonio, TX, USA

3	 Department of Biochemistry and Structural Biology, UT 
Health San Antonio, San Antonio, TX, USA

4	 Department of Population Health Sciences, UT Health San 
Antonio, San Antonio, TX, USA

http://crossmark.crossref.org/dialog/?doi=10.1007/s11912-024-01520-x&domain=pdf


478	 Current Oncology Reports (2024) 26:477–487

modulation of the immune system, and some specific bacteria 
have even been shown to slow tumor growth [5]. Furthermore, 
the gut microbiome has also been shown to have a significant 
impact on PD-1 targeted immunotherapy for cancer [4•].

Prostate Tissue Microbiome

The prostate microflora itself has been implicated as a direct 
mechanism, with certain pathogens being associated with 
prostate cancer. However, there is debate as to whether a 
prostate microflora truly exists, as some studies have shown 
that normal prostate tissue is unlikely to have commensal 
organisms, and elements of prostatic fluid (e.g., zinc and 
toll-like receptor 4) prevent colonization of pathogens [6, 7].

Nonetheless, Propionobacterium acnes, now renamed 
Cutanibacterium acnes, was demonstrated as the predomi-
nant pathogen in prostate specimens post radical prostatec-
tomy in one study [8]. However, Cutanibacterium acnes 
has also been implicated in both benign pathology and as 
a contaminant on sequencing [9]. Another study (N = 30) 
examined prostatectomy specimens sent for both bacterial 
culture and amplicon sequencing, revealing that while no 
organisms were grown, 83 distinct microorganisms were 
identified on sequencing [10]. Several studies have asso-
ciated prostate cancer with some bacteria directly within 
the prostate, including but not limited to, Escherichia coli 
[11], Staphylococci [12], H. pylori [13], and Mycoplasma 
genitalium [14]. Some studies, however, have not shown any 
demonstratable difference between benign and malignant 
prostate microflora [13, 15].

Viruses have also been implicated in the development of 
prostate cancer, including HPV 16 and 18 as well as cyto-
megalovirus [13]. Despite heterogeneity in the literature, 
a recent meta-analysis of 27 case–control studies between 
1991 and 2022 examined the link between prostate cancer 
and HPV, including 1607 patients with prostate cancer and 
1515 control samples (317 normal tissues, 1198 benign 
prostatic hyperplasia (BPH)). The study reported signifi-
cantly increased odds of developing prostate cancer with 
HPV infection (OR 3.07, 95% CI 1.80–5.21) compared to 
normal tissue [16•]. Furthermore, when the control group 
was patients with BPH, there was still an increased odds of 
developing prostate cancer (OR 1.94, 95% CI 1.43–2.63) 
[16•].

To date, no individual organism has consistently been 
shown to be the culprit link to prostate cancer, and studies 
examining the prostate flora are often limited due to con-
tamination [1••].

Genitourinary Microbiome

The genitourinary microbiome, usually obtained from urine 
given its proximity to the prostate, has been examined as a 

possible contributor to prostate cancer, again with no defini-
tively causative organisms identified. Traditionally thought 
to be sterile [17], microbial diversity has been demonstrated 
in the urinary tract, though with similar organisms to adja-
cent anatomical locations, including skin, vagina, and gas-
trointestinal tract [1••]. While most phyla identified include 
Firmicutes, Bacteroidetes, Actinobacteria, Fusobacteria, 
and Proteobacteria, there is still substantial variability at 
the genus level between individuals and sexes, and conflict-
ing results seen in studies examining the role of genitouri-
nary infection (urethritis, cystitis, and prostatitis) in prostate 
cancer [1••]. Another study examined the components of 
seminal fluid/urine and showed no significant differences in 
patients with prostate cancer compared to controls [4•]. To 
date, the role of the genitourinary microbiome in prostate 
cancer is still largely unknown, and ongoing research efforts 
are required to clarify if any meaningful association exists.

Gut Microbiome and the “Gut‑Prostate” Axis

Special attention, however, is paid to the interaction between 
the gut microbiome and prostate cancer in a relationship 
termed the gut-prostate axis. With the highest microbe 
counts in the body, the gut microbiome has been implicated 
in regulating the tumor microenvironment, the intestinal-
epithelial barrier, and the activity of lymphoid organs [18].

Differences in gut microbiome have been suggested 
in patients with prostate cancer. Studies have implicated 
numerous pathogens in the development of prostate cancer, 
including Bacteroides massiliensis (high risk prostate cancer 
patients vs controls), Akkermansia muciniphila and Rumi-
nococcaceae (in patients on ADT), and Streptococcus and 
Bacteroides (in men with prostate cancer versus controls) 
[19–21]. Rumminococcus has also been associated as a pre-
dominant genus in patients with castrate-resistant prostate 
cancer [22, 23].

This gut-prostate microenvironment may further be 
altered by lifestyle habits, which then may predispose to 
prostate cancer. For example, high-fat diets (HFD) can 
damage gut wall integrity and induce subsequent systemic 
inflammation, which has been shown to have effects on the 
gut microbiome, circulating immune cells, and prostate can-
cer progression [4•].

While investigation of the gut microbiome is a devel-
oping research focus in prostate cancer, there are ongoing 
challenges with undertaking research in this field. With sig-
nificant individual differences in the microbiome and het-
erogeneity between studies, understanding and optimizing 
the methodology is crucial in ensuring reproducibility and 
accurate results. This paper will focus on existing challenges 
with specimen collection and DNA extraction, sequencing 
techniques, and interpretation of results (Fig. 1).
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Specimen Collection

Challenges exist in collecting and processing samples due to 
considerable variation in methodology, including sampling 
technique, storage/preservation, and DNA extraction.

Sampling Technique

Fecal Sampling  For fecal analysis, the technique for stool 
collection is often not specified, and if it is reported, there 
is no standardized approach. The quantity of sampled stool 
has also not been standardized, though some studies have 
described using 0.2–0.25 g of stool as optimal [24, 25]. 
Other collection methods include participant defecation into 
plastic toilet liner collection bags, with patients themselves 
then subsampling the specimen into two vials [26]. Efforts 
have been undertaken to improve collection strategies to 
improve efficiency of longitudinal studies requiring multi-
ple specimens. Some have suggested sufficient biomass can 
be obtained by using a cotton swab on a used piece of toilet 
paper. However, the amount of material provided limits the 
study to only a few reactions and is normally satisfactory 
for 16S ribosomal gene-sequencing studies [27]. If further 
functional studies are required, then generally, larger pieces 
of stool are necessary and must be frozen immediately [27]. 
A recent study compared microbiome sampling via rectal 
swab, glove tip after digital rectal examination (DRE), and 
participant-collected stool samples in 22 men, demonstrat-
ing no difference in microbiological beta-diversity (p > 0.05) 

between glove tip and rectal swab specimens [28•]. The 
glove tip collection method was also generally similar to 
the home-based stool collection [28•].

There are also potential differences in microbiological 
composition within the stool since the surface rather than 
the core of a piece of stool is in close contact with the intes-
tinal lumen and may be more susceptible to environmental 
influences (e.g., low oxygenation levels) [29]. To counteract 
differences in the distribution of bacteria based on location, 
many studies homogenize the sample [30]. One study com-
pared microbiological composition at different locations 
within a flash-frozen stool specimen versus a homogenized 
sample and demonstrated minimal variability in microbio-
logical abundance and diversity [31•]. However, there were 
differences in the metabolic profiles across sampling regions 
[31•]. No consensus exists currently regarding the necessity 
of homogenization, and within-sample variation may occur 
in aliquoting methods [30].

Urine Sampling  Urine has been an intriguing biospecimen 
for prostate cancer detection. Traditionally, urine collected 
after a DRE could increase the contribution of prostatic 
fluid into the specimen. For microbiome research how-
ever, there remains the question of contamination from the 
urethra, meatal skin, and foreskin (if present) [32]. Some 
investigators try to overcome this with catheterization, yet 
the technique still suffers from skin and urethral contami-
nation and is invasive, and is less likely to be translatable 
to clinical care [32]. Another consideration is that the 

Fig. 1   Methodological challenges and considerations in gut microbiome research pertaining to specimen collection, sequencing technology, and 
interpretation of results
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microbial biological load is low in the urine [32]. In his-
torical biobanks, there tends to be some urine processing 
for pelleting, washing, and smaller volume storage. Pre-
servatives in this space can widely vary if used, making 
the use of previously collected specimens for other uses a 
challenge [32]. Therefore, our group has used a dedicated 
microbiome processing protocol prospectively using 30-mL 
target volumes.

Tissue Sampling  Significant advances in sequencing tech-
niques allow for the investigation of the microbiome directly 
in the study tissue. A major concern with biopsy tissue and 
archival prostatectomy tissue is that these often occurred 
after a transrectal prostate biopsy, likely causing contamina-
tion from biopsy needle traversing the rectal wall carrying 
rectal flora into the prostate [33]. Moreover, any antibiotic 
used prior to either the prostate biopsy or prostatectomy will 
change the abundance of microbes. The difference between 
tumor and normal tissue should be compared in these sce-
narios; however, antibiotics may still impact composition of 
the overall microbiomes.

Storage and Preservation

Along with different stool collection methods, there are also 
numerous techniques to try and preserve the quality of the 
microbiome for testing, namely, immediate freezing or using 
preservatives [34]. The techniques used should be tailored to 
the specific question, especially if metabolomic evaluation 
is being investigated. For fresh stool samples, general prin-
ciples include avoiding freeze–thaw cycles, and temperature 
fluctuations, and minimizing transport time [30]. As soon as 
feasible, collected stool should be transported to the labora-
tory within 4 h and frozen at − 20 °C (adequate for a few 
months) to − 80 °C (ideal for long-term storage) [30]. During 
transportation, stool should be placed in 4 °C cold storage, 
during which a 24–48-h window exists before arrival to the 
laboratory before meaningful changes in microbiological 
composition [30].

While immediate freezing is the gold standard, it is not 
always a viable solution based on study design (e.g., field 
research), logistical issues with transport, and associated 
costs. Consequently, many preservative solutions have 
been tested [35]. Numerous commercial preservation solu-
tions have been tested including RNAlater™, preservation 
buffer (PB), 70% ethanol, 95% ethanol, fecal occult blood 
test (FOBT), fecal immunochemical test (FIT), dimethyl 
sulfoxide-ethylenediaminetetraacetic acid solution (DETA), 
DETA-NaCl, ethylenediaminetetraacetic acid (EDTA), PSP 
(Invitek) buffer™, DNA/RNA shield™, and OMNIgene™ 
among others [36••]. A recent meta-analysis on gut micro-
biome methodology examining preservation techniques 
demonstrated that out of 30 selected studies, only two had 

consistent sample preservation methods [36••]. While larger 
sample sizes are required, the article suggested acceptable 
outcomes with RNAlater™ (storage for 1 month only), pres-
ervation buffer, OMNIgene-Gut™, and FOBT cards stored 
at room temperature [36••].

DNA Extraction

While standardization in microbiome studies is lacking, 
DNA extraction has been identified as contributing to the 
most variability of results by the Microbiome Quality Con-
trol Project (MBQC) [37] and the International Human 
Microbiome Standards (IHMS) group [38]. Potential rea-
sons for this variability include possible reagent contami-
nation, mechanical versus enzymatic lysis techniques, dif-
ferences between laboratory personnel, and automation of 
DNA extraction [39]. While different protocols for DNA 
extraction from fecal samples exist, with publications by 
groups including the Human Microbiome Project (HMP) 
[40], MetaHIT [41], and the Earth Microbiome Project [42], 
standardization is not an easy undertaking. Challenges with 
standardization exist as some protocols utilize automation of 
DNA extraction for larger sample sizes and lack of complete 
understanding of the true microbial diversity within a fecal 
sample [39].

Most protocols focus on DNA extraction techniques for 
subsequent bacterial sequencing, but a further challenge 
exists for DNA extraction of non-bacterial microbes. Pro-
tocols for fungal or viral DNA extraction methods isolate 
the non-bacterial microbe by removing contamination of 
human/bacterial cells [43, 44]. Consequently, complemen-
tary analysis of all microbes in a fecal specimen is difficult.

Sequencing Technologies

Currently, most microbiome research involves the meas-
urement of microbiological ecology using next-generation 
sequencing techniques, namely, metatranscriptomics, via 
amplicon sequencing, and metagenomics through whole-
genome/shotgun sequencing (Table 1). Both sequencing 
approaches also have “in silico” components, which refer 
to procedural steps conducted by computer processing/
modeling.

Amplicon Sequencing

Amplicon sequencing generally uses variable regions of the 
bacterial 16S rRNA, but can occasionally use the 18S or inter-
nal transcribed spacer (ITS) component [45]. There are nine 
variable regions (V1–V9) within the bacterial 16S rRNA, which 
are next to highly conserved genes targeted for amplification 
with primers [45]. Using primers, these variable regions can 
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be targeted for subsequent polymerase chain reaction (PCR). 
However, differences in which variable region is targeted can 
lead to alterations in sequencing and, consequently, different 
taxonomic outcomes [46].

Primer Selection

Primer selection remains a controversial topic in ampli-
con sequencing. With improvements in second-generation 
sequencers, sequencing up to approximately 600 base pairs 
was made possible, allowing for targeting one to three 
variable regions at a time [47]. Most commonly V1-V2/
V3, V3-V4/V5, and V4 are used, though there are differ-
ent results in taxonomic classification depending on which 
variable region is used [47]. Initially, V1-V2 sequencing 
was utilized, though as the Illumina protocol transitioned to 
V3-V4, analysis of this region became more common and is 
also felt to be the most cost-effective variable region [48]. 
Recent studies, however, have suggested that while the use 
of V3-4 primers is associated with amplification artifact, 
they are better suited for gut microbiome analysis due to 
improved detection of Bifidobacteriales [49, 50]. However, 
a contemporary modification to a V1 primer demonstrated 
improved Bifidobacterium detection compared to V3-4 [51]. 
Furthermore, a recent study using a modified V1-2 primer 
also produced more desirable analysis compared to V3-V4 
data when comparing similarity to actual gut bacteria abun-
dance [52•].

In Silico Processing of Raw Data

Sequencing produces raw data as multiple reads, which are 
processed to form a consensus output with an associated 
error rate [53]. There is a tradeoff between read length, 
which improves microbiological classification, and error 
rate, which often requires sophisticated software to remove 
artefacts [48]. To improve the quality of sequencing data, 
denoising algorithms and sequence curation strategies need 
to be applied in silico, which initially include removal of 
ambiguous bases and homopolymers larger than 8 nucleo-
tides [54, 55]. Reads with anomalous lengths and below 

certain technology-specific quality control metrics are also 
removed [53, 54]. A further source of error is chimeras, 
which are sequences composed of two or more parents. This 
can lead to misinterpretations, such as the description of 
non-existent bacteria or confusing ecological diversity meas-
urements. Chimeras likely occur from errors in PCR, where 
amplicons, which prematurely terminate, fuse to another 
homologous template. Detecting and eliminating chimeras 
is a challenging undertaking, and multiple algorithms exist 
for this purpose [48].

OTUs Versus ASVs

Raw sequencing data, prior to statistical analysis, has to 
be assigned to a particular organism, which can be accom-
plished via two approaches: operational taxonomic units 
(OTUs) and amplicon sequence variants (ASVs) [56]. OTU-
based methods organize sequences together based on simi-
larity (distance matrix among produced sequences) without 
initially relying on reference databases. OTUs with sequence 
similarities of > 97%, 95%, and 80% are typical definitions 
for species, genus, and phylum, respectively [56]. ASVs 
alternatively use exact nucleotide sequences and work on 
the basis that more frequently observed sequences are likely 
the result of true biological results rather than error [57]. 
Consequently, interpreting ASVs must be done for an entire 
sample rather than individual reads. Using denoising algo-
rithms, erroneous sequences with sometimes as little as one 
nucleotide error are removed, and the remaining sequences 
are then compared to a reference for taxonomic assignment 
[58]. Since exact sequences are used, ASVs can be better 
compared across studies, though they are less optimal if the 
study design requires genomic heterogeneity.

Once the sequences are clustered (for OTUs) or denoised 
(for ASVs), they are provided with a taxonomic assign-
ment, often with comparison to a database, examples of 
which include Greengenes [59], SILVA [60], Ribosomal 
Database Project (RDB) [61], and National Centre for Bio-
technological Information (NCBI) BLAST Database [62]. 
Some authors recommend utilizing SILVA and RDB, since 
Greengenes has not been updated since May 2013 [63]. 

Table 1   Comparison of amplicon sequencing versus whole-genome/shotgun sequencing

Amplicon sequencing Whole-genome sequencing

Sequencing target Region of ITS or subunit of 16S or 18S ribosome DNA of both host and microbiome
Taxonomic detail Phylum → genus Species → strains
Cost  +   +  +  + 
Specificity  +  +  + —improved due to plethora of reference databases  + —increased risk of host contamination
Functional analysis possible Indirectly—prediction tools are available Yes
Raw data organization OTUs and ASVs Assembly (via binning of contigs) and 

non-assembly approaches
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These databases are often incorporated into common pipe-
lines for amplicon analysis including QIIME2, mothur, and 
RDP Classifier [64]. Despite substantial efforts to assign 
taxonomies effectively, the misclassification rate overall is 
quoted at approximately 16–20% [65].

Copy Number Variation

Another consideration for amplicon sequencing is a phe-
nomenon known as copy number variation (CNV), where 
some species have more than one (sometimes up to 15) copy 
of the 16S rRNA [66]. This can lead to misinterpretation of 
abundance levels after taxonomic assignment and miscal-
culations in diversity assessments. To counteract this, read 
counts can be weighted based on gene numbers if they are 
known for a specific organism [48]. Otherwise, potential 
solutions include using reference databases or values of a 
closely related organism, which is not optimal for studying 
rarer organisms [67].

Whole Gene Sequencing

Whole genome sequencing involves analyses of all of the 
DNA data within the microbiome, also known as “shotgun” 
sequencing as no individual area is targeted. Rather than 
using primers, DNA is randomly fragmented after extrac-
tion, with barcodes and adapters ligated to the end of each 
segment to facilitate identification and subsequent sequenc-
ing [56]. With the vast amount of data collected, subspe-
cies strain level resolution can be provided [68]. While it 
can also provide information regarding other non-bacterial 
organisms, limitations include high cost and more demand-
ing bioinformatic analysis [69, 70]. Furthermore, since the 
entire genome is analyzed, a more robust functional analysis 
can be obtained compared to amplicon sequencing, where 
it can only be predicted indirectly with help from reference 
databases [68].

Assembly and Binning

After the raw reads are cleaned (similarly to amplicon 
sequencing), sequences can be assembled to form “con-
tigs,” which are longer (contiguous) sequences [64]. This 
process of forming contigs occurs in silico and is per-
formed either de novo or using a reference genome. The 
assembly process is often based on dividing reads into 
a certain length (k) of nucleotides (k-mers) and reason-
ing the final sequence based on overlapping sequences 
[71]. The optimal value of k can vary based on estimated 
genome size and rate of heterozygosity, and, fortunately, 
numerous tools exist that can help the researcher with k-
mer selection. Once the k-mer value is selected, a further 

challenge is deciding which assembly program to use, as 
some, for example, are more attractive if diversity capture 
is prioritized over contig length with limited computa-
tional resources (MEGAHIT), or if priority is to obtain 
large diversity regardless of complexity (metaSPAdes) 
[64].

Once contigs are assembled, they are organized into 
groups (bins) and classified taxonomically, in a pro-
cess known as binning. This can be performed using a 
supervised (i.e., with a reference database) or unsuper-
vised method, also known as taxonomy-dependent and 
taxonomy-independent, respectively. Using a database 
has limitations such as dependency on finite number of 
previously sequenced genomes and long computing times 
[64]. Alternatively, unsupervised methods are not depend-
ent on a database and often combine analysis of nucleo-
tide sequences and relative abundance to optimize binning 
[72]. With successful binning, each bin can be further ana-
lyzed and reassembled to form longer contigs [73].

After binning, if a functional analysis is required, the 
next step involves identifying genes and regulatory ele-
ments, a process known as annotation or gene-calling. As 
with other steps in WGS, there are a plethora of tools, 
some better depending on sequence length [74], compu-
tational requirements [75], and error rate [76]. Often, a 
combination of tools for this step is used [77]. With the 
genes identified, functional annotation can often be car-
ried out utilizing a database, again challenged by a wide 
array of choices [64]. Depending on the research ques-
tion, there may be a specific database, for example, when 
analyzing antibiotic resistance genes (e.g., CARD) [78]. 
With different tools required at each step of the process of 
WGS, efforts have been made to streamline analysis using 
pipelines, which can alleviate some of the complexity at 
the expense of potential oversimplification of answers to 
specific research questions [64]. Taxonomic profiling can 
be performed using many tools, including the MAGy pipe-
line [79] or DESMAN pipeline [80] if strain level analysis 
is required.

Non‑Assembly Approach

Another approach to WGS involves avoiding assembly 
altogether, with analysis of raw data for taxonomic and 
functional assignment. Taxonomic classification can be 
accomplished using a reference database at the expense 
of slow processing, though processing times and memory 
usage requirements have been improved recently [64]. 
Functional analysis of raw data can also be performed 
using a host of different tools, for example, Carnelian [81] 
for comparative functional assessment and the Shot-MAP 
pipeline if user flexibility in analysis is desired [82].
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Interpretation

Normalization

Microbiome data is unique to other forms of data in that 
it is heterogenous, highly dimensional, sparse with zero-
inflation (excess zeros in particular fields), and grouped 
into taxonomic classifications [83]. As such, data requires 
normalization prior to statistical analysis, which can be 
grouped into four categories: ecology-based methods, tra-
ditional methods, RNA-sequencing–based methods, and 
microbiome-based methods. Each category has associated 
pros and cons (Table 2).

Data generated via amplicon sequencing or WGS is 
often presented in a taxa abundance table, which records 
each taxonomic unit in each sample [84]. An essential part 
of this table is the “sequencing depth,” which is the com-
puted column sum of the sequence reads. While one would 
expect sequence depth to be similar throughout individual 
samples, there is often significant variation in efficiency 
of the sequencing process and loading concentrations/vol-
umes [85, 86]. Ecology-based methods involve a process 
known as rarefaction, a term derived from physics where it 
refers to reducing density. Many programs accomplish this 
by randomly subsampling the derived data to a common 
depth in order to improve comparisons to other individual 
samples [87]. Challenges include deciding the appropriate 
sequencing depth to balance the dataset without losing val-
uable information gained from the analysis [88]. Further-
more, rarefication as a method of normalizing remains a 
topic of debate, with some experts suggesting the practice 
is statistically “inadmissible,” as it omits valid data [89].

Traditional methods, on the other hand, use proportions 
of gene abundances (also called total sum scaling) to nor-
malize data, rather than subsampling [90]. While appro-
priate for community-level ecological differences, limita-
tions include its inability to adequately account for outliers 
and compositionality, precluding satisfactory differential 

abundance detection [91, 92]. Log transformations have 
also been used to correct for skewness of data and het-
eroscedasticity but are challenged when dealing with zero 
inflation and when standard deviations are considerably 
large [83].

RNA-sequencing–based normalization methods also 
scale counts using different scale factors and assume taxa 
are not differentially abundant [83]. Many scale factors may 
be used, including quantiles, median values, and log upper 
quartiles, and an extensive review on the topic has been writ-
ten by Xia et al. in 2023 [83]. RNA seq-based methods are 
thought to outperform traditional and rarefaction methods 
of normalization [89, 91].

Microbiome-based approaches can incorporate a hybrid 
approach of methods and can mitigate effects of compo-
sitionality, zero inflation, and over-dispersion [83]. While 
one study in machine learning showed a hybrid approach 
can improve performance in classification, it may change 
the dataset enough to the point where real-world application 
becomes challenging [93]. Another review found a combina-
tion of compositionality and zero inflation methods demon-
strated superior performance compared to RNA sequenc-
ing–based methods [94•].

Statistical Analysis

While taxonomic or metabolomic data can be observed at 
one cross-sectional point, a specific challenge in microbiome 
research is that data is often collected longitudinally [95]. A 
thorough review of statistical models for longitudinal analy-
sis and associated challenges was published by Kodikara 
et al. in 2022 and divided challenges into three categories: 
(1) analyzing longitudinal differential abundance, (2) identi-
fying organisms with similar temporal patterns, and (3) iden-
tifying temporal relationships between organisms [96••].

While numerous models exist for longitudinal differ-
ential abundance analysis, each has its own limitations, 
with some models providing only univariate analysis (e.g., 
zero-inflated beta regression [ZIBR] [97] and Gaussian 

Table 2   Pros and cons of methods for microbiome data normalization

Pros Cons

Ecology-based • Rarefaction can provide measures of species richness
• Methods available in most computational packages

• Variable subsampling depth to balance information loss 
and dataset balance

• Rarefaction omits potentially valid data
Traditional • Avoids subsampling by using gene abundances

• Log transformations can account for heteroscedasticity
• Challenged when dealing with outliers or compositionality
• Log transformations challenged with especially large 

standard deviations and zero inflation
RNA-sequencing based • Outperforms ecology-based and traditional approaches • Wide selection of scale factors
Microbiome-based • Incorporates a hybrid approach, mitigating composi-

tionality, zero inflation, and over dispersion
• Can outperform RNA-sequencing based methods

• With degree of dataset processing required, may hinder 
real world application
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Mixed Model [ZIBMM] [98]), unable to handle missing 
data (e.g., ZIBR[97]) or zero inflation (e.g., negative bino-
mial mixed model [NBMM] [96••]), or failing to account 
for compositionality (e.g., SplinectomeR). Bayesian 
Sparse Multivariate regression, on the other hand, per-
forms multivariable analysis and can account for sparse 
data [99].

Clustering models can be used to identify microorgan-
isms with similar temporal patterns [96••]. Examples 
include dynamic time warping (DTW) distances, partition-
ing around medoids (PAM) and agglomerative clustering, 
and clustering using principal component analysis (PCA) 
or sparse principal component analysis (sPCA). An essen-
tial aspect of these methods is data normalization, and the 
exact clustering method applied may differ depending on the 
research question [96••].

A few methods can be used to understand temporal rela-
tionships between taxa, though each has associated chal-
lenges. For example, the two-stage dynamic Bayesian net-
work (TS-DBN) is limited to only two-time intervals, may 
not perform well for rare taxa, and may result in over-fitting 
when combining clinical information with small sample 
sizes [100]. Other methods, including Granger Lasso Cau-
sality and Microbial Time-series Prior Lasso (MTP Lasso) 
do not take clinical or demographic variables into account 
[96••]. Furthermore, MTP Lasso requires using biological 
information from existing literature or previous datasets for 
regression analysis [96••]. Statistical longitudinal analysis 
of the microbiome is a challenging task, and methods are 
continuously being refined.

Conclusion

The role of the gut-prostate axis in the development of pros-
tate cancer is an exciting area of research, with significant 
hurdles to overcome. These challenges apply to any form 
of microbiome research, but for prostate cancer, it means 
that consistent identification of a causative organism has not 
yet been achieved. Standardization of methodology remains 
difficult, with heterogeneity at each step, from sample col-
lection, DNA extraction, and sequencing to in silico process-
ing and interpretation of results. Extensive knowledge and 
expertise are required to balance the clinical, ecological, and 
bioinformatic demands, and a multi-disciplinary approach 
is essential.
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