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Abstract

The study of endophytic and rhizosphere microbiota offers considerable potential for
applications in agriculture, biotechnology, and bioremediation, given the phytoremediation
capacity of Amaranthus cruentus var. Pribina performed a detailed analysis of the root and
rhizosphere microbial communities under cadmium (Cd) stress. Although metagenomics
provides powerful tools for microbial community profiling, the reproducibility and
interpretability of the results are strongly influenced by the data processing strategies. In this
study, special emphasis was placed on comparing normalization techniques and their effects
on downstream analyses. Sequence data were processed in R using DADA2 to infer amplicon
sequence variants (ASVs), followed by diversity, compositional, and statistical analyses using
phyloseq, vegan, ggplot2, and stats. By evaluating multiple normalization approaches, it was
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demonstrated how the choice of method can significantly impact alpha and beta diversity
metrics. These findings underscore the importance of normalization in microbiome studies
and offer a tailored pipeline for analyzing Cd-induced shifts in plant-associated microbial
communities.
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1. Introduction

The rising global need for sustainable agriculture drives the search for innovative strategies that
boost crop productivity while reducing environmental harm. One such promising strategy is the use
of endophytes to improve plant growth, enhance nutrient absorption, and increase stress tolerance
[1]. Metagenomics offers new opportunities to reveal the genetic diversity and function of
microorganisms, enables accurate identification of non-culturable organisms, and helps to identify
essential genes for ecological function [2]. Metagenomic studies have demonstrated that both
environmental factors and the genotype of plants play roles in shaping the composition of the
endophytic microbiome [3]. Given this complexity, selecting appropriate methods and procedures is
essential, as the choice of procedures depends fundamentally on the research objective [4]. In
metagenomics, two approaches are widely used: (A) sequencing only a specific region of 16S rRNA
(Amplicon-based metagenomics) and (B) whole-genome sequencing (whole-genome metagenomics,
also known as shotgun metagenomics). Each of these metagenomic strategies presents distinct
advantages and limitations. The main advantages of amplicon-based metagenomics include that it's
more affordable, the approach focuses on compartmentalization and diversity of microbial
composition, and data processing is less challenging [5].

Nowadays, several tools are available for sequencing data processing, allowing users to simply
upload their data to the server, where the metagenomes are automatically analyzed. The most well-
known servers are MG-RAST [6] and GALAXY [7]. Additionally, there are web-based tools such as
ANASTASIA [8] and SHAMAN [9], which are hosted on the GALAXY server. For researchers requiring
more control over their analyses, several powerful command-line tools are available. QIIME 2 [10],
which primarily runs on Unix-based systems (Linux and macOS) and is accessible on Windows
through the Windows Subsystem for Linux (WSL), offers comprehensive microbiome analysis
capabilities. Similarly, DADA2 [11], implemented as an R package, provides a flexible analysis
environment compatible with all major operating systems. Python users can leverage the Sunbeam
pipeline [12], which provides an alternative workflow for processing metagenomic data.

Researchers are increasingly interested in studying endophytes due to their potential applications
in agriculture and biotechnology. However, traditional culture-dependent methods are severely
limited, as they are capable of identifying only approximately 1% of environmental microbes. The
use of omics technologies and metagenomics is crucial for uncovering the genetic potential of
uncultured microbes, providing insights into their variability, structure, function, and metabolic
pathways [13]. The successful analysis of microorganisms using next-generation sequencing relies
on proper sampling procedures, the appropriate storage of root material, and the obtaining of DNA
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of sufficient quality and quantity [14]. The study of endophytes using a metagenomics approach has
already been investigated in several plant species such as Eucalyptus urophylla [15], Fagopyrum
esculentum Moench [16], and Panax gingseng [17]. Simultaneously, when studying the composition
of endophytes in plant roots, it is also beneficial to investigate the composition of the microbiome
in the rhizosphere. By interacting with beneficial organisms, plants can optimize their growth and
better withstand inhospitable conditions within the complex soil environment. Root secretions,
which reflect a plant's adaptive strategies in response to its rhizosphere, enable plants to engage in
positive or negative interactions, based on environmental factors, including the surrounding
microbial communities [18]. The study of rhizosphere microbiome composition, as well as
endophytes, has been investigated in various plants, including Pinus massoniana [19], Salix species
[20], Triticum aestivum, Hordeum vulgare and Seccale cereale [21]. The study of these plant-related
microbiomes not only enhances understanding in the fields of plant and microbiology but also has
practical application in agriculture [22] and phytoremediation techniques [23].

To date, no comprehensive studies have investigated the endophytic and rhizosphere microbial
communities associated with Amaranthus cruentus var. Pribina under cadmium stress. This study is
the first to specifically examine this cultivar, which holds promise in phytoremediation due to its
ability to accumulate cadmium predominantly in the roots without visible toxicity symptoms. In
addition to characterizing microbial changes induced by cadmium, this study provides a
methodological contribution by systematically comparing three widely used normalization
techniques for sequencing data. By combining a unique plant model with a comparison of data
processing strategies, this research provides new insights into microbial interactions under heavy
metal stress. It underscores the importance of methodological transparency in microbiome studies.

This study aims to evaluate the effect of three different normalization techniques on the
assessment of alpha and beta diversity in microbial communities associated with Amaranthus
cruentus var. Pribina. Specifically, the impact of median sequencing depth normalization, rarefaction,
and percentage scale transformation was compared to determine which method best preserves
biological signals while minimizing distortion.

2. Materials and Methods
2.1 Experimental Design
2.1.1 Plant Material

Amaranthus cruentus var. Pribina was used for the analysis. The growth of plants was conducted
in a controlled chamber under the following conditions: a temperature of 23°C, 50% humidity, and
a 16-hour light and 8-hour dark cycle. Root tissues were exclusively utilized for further analysis.
Before experimenting, it is essential to plan the entire experimental design carefully. This includes
considering the appropriate number of replicates, both biological and technical, to ensure a
sufficient sample size for robust statistical analysis. Consistency in the preparation process is
necessary to ensure the reproducibility and reliability of the research, as it involves following
identical steps and procedures for all biological replicates [24]. In total, six pots were used. Each pot
contained four plants, which were pooled into a single composite sample, resulting in six plant
replicates. To accurately analyze endophytic communities, proper surface sterilization of root
samples is critical. This step removes external contaminants, ensuring only true endophytes, those
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living inside plant tissues, are studied [25]. Before DNA extraction, the roots were thoroughly rinsed
with distilled water, surface-sterilized in a 2% sodium hypochlorite solution for 5 minutes, and then
rinsed several more times with sterile distilled water to ensure complete sterilization.

2.1.2 Soil Material

To identify bacteria typical of the plant, it is necessary to analyze not only the plant itself but also
the surrounding soil. In this study, rhizosphere samples were also included. The rhizosphere samples
were collected from the plants as follows: plants were carefully removed from the pots, and the soil
surrounding the roots of Amaranthus was carefully collected. The soil used for analysis was treated
as if it were plants, with the pots kept in the growth chamber. The substrate used was a
commercially available gardening soil (AGRO gardening substrate with active humus) and had the
following characteristics: minimum burnable matter content. 70%, electrical conductivity in
aqueous leachate 1w:25v max. 1.2 mS/cm, particle content above 20 mm max. 5.0%, moisture
content max. 65%. To improve soil structure, sand was added in a 1:4 ratio. To improve soil structure,
sand was added in a 1:4 ratio, and a 0.02 mol/dm?3 CaCl, solution was added in a 1:2.5 ratio [26].
The resulting pH value was 5.443.

2.1.3 Cd Treatment

For the entire experiment, cadmium chloride (CdCl,) was applied at a concentration of 15 mg/L.
This concentration was chosen based on a previous study that tested various concentrations of
CdCly in Amaranthus spp. Including Amaranthus cruentus var. Pribina, which was also used in the
study. The selected concentration did not induce any visible phytotoxic effects, and the majority of
the cadmium was accumulated in root tissues [27]. Uniform experimental conditions, including the
use of the same soil source, consistent biological replicates, and precise separation between control
and treated groups, were maintained to ensure that observed differences in microbial diversity and
composition could be confidently attributed to cadmium exposure rather than environmental
variability.

2.1.4 DNA Extraction and Sequencing

Currently, numerous commercial DNA extraction kits are available, offering high-quality yields
[3]. For DNA extraction, the NucleoSpin Soil kit (Nagel) was used. A quantity of 250-500 mg of soil
or root material was weighed and transferred into a NucleoSpin® Bead Tube with ceramic beads,
followed by the addition of 700 uL of Lysis Buffer. To enhance DNA yield, 150 pL of Enhancer SX was
added, and the tube was vortexed vigorously for 5 minutes. After lysis, samples were centrifuged at
11,000 xg for 2 minutes. Following centrifugation, 150 pL of Buffer SL3 was added, and the samples
were briefly chilled before undergoing another quick spin. Next, supernatant was filtered through a
NucleoSpin® Inhibitor Removal Column at 11,000 xg. In the next step, 250 uL of Buffer SB was added,
and the sample was loaded into a NucleoSpin® Soil Column. For purification, the column was
sequentially rinsed with Buffer SB, SW1, and two rounds of SW2, spinning between each wash. After
a final drying spin, the column was moved to a new tube, 100 pL of Buffer low TE was added, waited
a minute, and the elution was completed with a spin, obtaining pure DNA, ready for analysis. The
concentration of extracted genomic DNA was determined using a Qubit® fluorometer. Library
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preparation and sequencing were provided by © SEQme s.r.o (Dobfis, Czeck Republic) using lllumina.
The primer pair 515F and 806R was used for amplification [28].

2.2 Bioinformatic Analysis
2.2.1 Data Preparation

Data preparation was performed in the RStudio environment. The DADA2 pipeline (version
1.30.0) (Divisive Amplicon Denoising Algorithm) [11] was used for sequencing data processing,
including quality checking, trimming, merging paired-end reads, and removing chimeras. Initially,
quality profiles of forward and reverse reads were inspected using the plotQualityProfile function,
and a stringent Phred score cutoff of 30 was applied to retain only high-quality sequences. Following
quality filtering and denoising, de novo chimera removal was performed, effectively eliminating
artifactual chimeric sequences. Taxonomic assignment was conducted using the SILVA database [29].
In the context of DADA2, denoising refers to distinguishing sequencing errors from actual biological
variation, thereby consolidating error-derived sequences into accurate amplicon sequence variants
(ASVs) [30]. After processing the data with DADA2, a phyloseq object was constructed, containing
metadata, DNAstrings, an ASV table, and a taxa table, using package phyloseq version 1.46.0. [31].
To further enhance data reliability and reduce potential contamination, taxa filtering was applied.
A new object was created that contained taxa without the phylum Cyanobacteria. This was done
using the subset taxa command with a condition that excludes all taxa whose phylum-level
classification corresponds to Cyanobacteria. The same approach was used to remove taxa assigned
to the domains Archaea and Eukaryota at the kingdom level.

2.2.2 Data Normalisation

In microbiome studies, the number of species detected in samples is influenced by sequencing
depth. Rare taxa may be represented with some samples simply because those samples were
sequenced more thoroughly, generating a higher number of reads compared to others. These
variations in total read numbers across samples prevent direct comparisons of absolute abundances.
To address this, data normalization is essential before analysis. In this study, normalization was
performed using the transform_sample_counts function from vegan package [32] in R.
Normalization of count data involves dividing each entry into a count table by the total number of
counts (sum of counts) for specific samples. This adjusts for differences in sequencing depth or other
technical variations across samples. Additionally, various other normalization methods are
commonly applied to microbial data in metagenomics [33]. In this study, specifically, read counts in
each sample were normalized using the median sequencing depth, and rarefaction was conducted
using the rarefy_even_depth function.

2.2.3 Data Visualization

For the visualization of Alpha diversity, the ggplot function from the package ggplot2 (version
3.4.4) [34] was used. Function geom_boxplot was applied to create a boxplot for each normalization
technique. For ordination analysis using NMDS, the ordinate function from the phyloseq package
was used. Since ordination does not inherently produce graphical output, the plot ordination
function (phyloseq) was utilized to generate the respective visualizations.
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2.2.4 Statistical Analysis

For statistical analysis, the stats package (version 4.3.1) [35] was used, specifically applying the
Kruskal-Wallis test. Test function to perform the Kruskal-Wallis’s rank sum test [36]. This non-
parametric test was employed to compare alpha diversity results across different normalization
techniques and to determine whether statistically significant differences existed between the
methods.

3. Results
3.1 Alpha Diversity

Alpha diversity metrics, including indices of evenness, diversity and richness, are primarily base
on the relative abundance of species within a sample. These metrics provide insight into the
distribution and richness of species present in a particular sample [37]. To compare these indices
within samples, it is essential to normalize data, as comparisons should be made between samples
of equal size [38]. Among the most used indices are the Shannon and Simpson indices. The Shannon
index was used to analyze heterogeneity in the samples (Figure 1), which is influenced by the rare
species in the dataset [39], and the Simpson index, which depends on the common species [40].

( A) Comparison of Shannon Diversity Index Across Normalization Techniques and Treatments
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Figure 1 Comparison of Shannon diversity index across normalization techniques and
treatment (A) and comparison of Simpson's diversity index across normalization
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techniques and treatment (B). Boxplots show the median, quartiles, and potential
outliers for each combination of method and treatment.

The comparison of alpha diversity across three different normalization techniques revealed only
slight differences overall. The most notable differences were observed in the Shannon diversity
index, where rarefaction led to a reduction in all treatments. In contrast, differences between
median sequencing depth and the percentage scale method were minimal. Interestingly, the
Simpson index displayed different behavior, indicating that the effect of normalization techniques
on this index was negligible. To statistically assess the differences in alpha diversity between three
normalization methods, the Kruskal-Wallis test was performed. The results indicated no statistically
significant differences in alpha diversity, with p-values of 0.2984 for the Shannon index and 0.9895
for the Simpson index.

3.2 Beta Diversity

The NMDS algorithm operates through an iterative process, and for datasets that contain large
amounts of data, using different starting values can occasionally lead to varying results [41].
Therefore, to ensure the reproducibility of the data, it is advisable to use set.seed function from the
base package [35].

NMDS requires a distance matrix, and numerous dissimilarity coefficients have been developed
to capture distinct aspects of variation between samples [42]. The decision regarding which
coefficient to use for calculating distance matrices is crucial. In this type of research, the most
suitable choice is often Bray-Curtis’s dissimilarity calculation [43], which possesses many advantages.
Cd treatment significantly altered the microbial composition in roots. At the genus level, a
preliminary analysis suggests an increase in the relative abundance of Streptomyces and
Sphingopyxis in Cd-treated roots (unpublished data).

This first graph (Figure 2A) illustrates the community structure following normalization based on
median sequencing depth. The corresponding stress value is 0.056, indicating a relatively low level
of distortion and suggesting that the relationships among microbial communities are visualized
clearly and reliably. The second graph (Figure 2B) depicts the community structure following
normalization to relative abundance. The associated stress value is 0.063, which is slightly higher
than that of the median depth normalization. Nevertheless, the result still reflects a reasonable
representation, although minor distortion may be present. The third graph (Figure 2C) shows the
community structure of the dataset that was subjected to rarefaction. This approach resulted in a
stress value of 0.082, the highest among the three methods. A higher stress value indicates more
distortion in community structure, suggesting that rarefaction may not have fully captured the
variability and complexity of the data.
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Figure 2 In the figure are NMDS graphs based on Bray-Curtis’s dissimilarity matrix. The
first graph represent of community structure after median sequencing depth (A) the
stress = 0.056, the second one represent community structure after normalization in
relative abundance (B) the stress = 0.063 and the last one represent the community
structure of the dataset which was rarefied with the stress = 0.082.
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4. Discussion

To ensure the robustness of our findings, we implemented a rigorous experimental design that
included control samples and biological replicates. This allowed us to distinguish actual biological
effects from methodological variability or data processing artifacts. Additionally, we applied and
compared multiple normalization techniques to reduce biases introduced during preprocessing. The
consistency of microbial shifts across both replicates and normalization methods strengthens the
conclusion that the observed changes represent biologically meaningful responses to cadmium
exposure. Consistent microbial shifts across replicates and across different normalization
techniques support the conclusion that the observed changes represent accurate biological
responses to Cd exposure.

Root surface sterilization was performed using a 2% sodium hypochlorite solution for 5 minutes.
Alternative protocols, such as 70% ethanol for 3 minutes, have been proposed in previous studies.
However, these require post-treatment verification to confirm the absence of residual
microorganisms [44]. In the same survey, Tryptose Soya Agar (TSA) was used to check it. Two types
of metagenomic analysis used to unravel the microbial identity and composition from high
throughput sequencing data are: (i) amplicon-based analysis, which includes 16S ribosomal RNA for
bacteria, internal transcribed spacer (ITS) and 18S region for fungi and eukaryotes, respectively, and
(ii) whole metagenomic shotgun sequencing. A key advantage of whole-genome sequencing of
endophytic microbes lies in its ability to reveal molecular and genetic traits that underlie their
biological functions and determine preferences for colonizing specific environments [45]. In
addition to the advantages of metagenomics, several limitations also exist when examining
endophytic communities. One of the challenges is that when sequencing microbial DNA, plant DNA
is often sequenced along with it. This creates a problem in distinguishing the microbial DNA
sequences [13]. Once the sequence data have been processed and taxonomic classification assigned,
it is essential to filter out potential contaminants. Failing to remove the sequence from eukaryotic
organisms and cyanobacteria, mainly when focusing only on bacteria, can lead to false positives. For
example, cyanobacterial sequences might be plant mitochondrial DNA, leading to misleading
interpretations. Proper filtering is therefore essential to ensure the accuracy of the analysis [46].
Thus, cyanobacteria, eukaryotic organisms, and archaea were removed from the dataset, as the
analysis focused exclusively on bacterial communities. However, some studies have introduced
modified primers, making it unnecessary to remove cyanobacteria and eukaryotes during analysis.
Locked oligonucleotide acid-PCR technique (LNA-PCR) has been used for this purpose, as well [47],
and new plastid-specific LNA oligonucleotides have been proposed as being specific to plants.
According to the study, these oligonucleotides appear to be very useful in investigating the
endophytic microbiomes of plants [48]. It is essential to understand that these newly developed
primers specifically inhibit the amplification of plastid DNA without adversely affecting the
amplification of bacterial genes. The application of primers for mitochondrial and plastid sequences
varies significantly. Oligonucleotides designed for mitochondrial sequences are applicable across a
wide range of plant species (with a few exceptions). In contrast, oligonucleotides targeting plastid
sequences are no longer universally applicable. Instead, these primers are categorized into three
main groups based on the plant species for which they were designed [49]. Primers targeting the
bacterial V4 variable region were used in the experiments, specifically the 515F and 806R primer
pair. Several studies from other research fields have systematically compared different variable
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regions to identify the most accurate region for bacterial detection [50]. Moreover, for the detection
of endophytic bacteria, other studies have utilized different primer combinations. For instance, in
Fassiflora incarnate, V3-V4 region was targeted using an alternative set of primers [51]. Additionally,
in Banana V3-V4 regions were targeted using primers which block the amplification of mitochondria
and chloroplasts [52], and in Pisum sativum [44]. Due to the studies [53], a reliable overview of the
basic primer combinations for endophyte analysis is available.

For the bioinformatic parts, there are lots of possibilities for how to analyze the metagenomics
data. The SILVA database was used for sequence alignment in this study [54]. However, more
databases exist that can be used in this type of research, such as the RDP classifier (Ribosomal
Database Project Classifier) [55] and Greengenes [56]. For sequencing preparation, the DADA2
pipeline was used in this study. The concept of denoising involves distinguishing sequencing errors
from genuine biological variations. By achieving this separation, denoising tools can consolidate
sequences that only differ due to errors into a single, unified sequence. As a result, these tools
produce single sequences referred to as amplicon sequence variants (ASVs), rather than reporting
clusters of sequences. Compared to OTUs, ASVs facilitate direct sequence matching, making it more
straightforward to compare data across different datasets. Nowadays, there is a growing preference
in literature for using ASV over OTU [57, 58].

Three different normalization techniques were applied for data normalization: rarefaction,
median sequencing depth, and proportional. Normalizing in relative abundance enables the
inclusion of all taxa, regardless of their abundance, providing a comprehensive view of microbial
composition. Pereira et al. [54] discussed several normalization techniques, including Trimmed
Mean of M-values (TMM) and Relative Log Expression (RLE), which are widely used in the analysis
of shotgun metagenomic data.

The two main components of analysis for metagenomic data are alpha and beta diversity. The
impact of normalization methods was assessed using two commonly used alpha diversity indices:
the Shannon and the Simpson index. Also typical is the Chaol index, which considers singletons and
doubletons in a sample. It uses the frequency of these rare species to estimate the total number of
species present [59]. Thus, it is not possible to use this index after DADA2, because singletons are
automatically removed in this pipeline [11]. The results from comparing the Simpson's index did not
show any significant change between the different normalization techniques. The Simpson’s index
is @ measure of biodiversity that primarily reflects the degree of dominance of particular species in
a community. It emphasizes the concentration of abundance of one or a few species rather than a
balanced representation of many species. This index is susceptible to the presence of dominant
species, which can significantly affect the index value [60]. On the other hand, differences were
observed in the Shannon index. These changes are the result of the background of the Shannon
index. The natural logarithm of a small proportion is larger than the natural logarithm of a large
proportion. Therefore, the Shannon index places additional importance on rare species by using the
natural logarithm [61]. Rarefaction, as a normalization method based on random subsampling, often
removes these rare taxa, especially in samples with low sequencing depth. As a result, Shannon
diversity tends to decrease after rarefaction, potentially underestimating true community
complexity and masking ecologically relevant variation. This observation was reflected in our results,
where rarefied data consistently showed lower Shannon diversity values compared to other
normalization techniques [62]. Moreover, its dependence on arbitrary library size thresholds and
stochastic resampling adds unnecessary uncertainty. Therefore, its use should be carefully
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considered, especially when alternative normalization approaches offer greater statistical reliability
[63]. Median sequencing depth normalization involves scaling the read counts in each sample to the
median total read count across all samples. This method retains all taxa and avoids random data
loss, unlike rarefaction. Preserving low-abundance taxa and minimizing compositional distortion
provides a more balanced view of microbial communities. Additionally, because it uses an actual
reference point from the dataset (the median), itis less sensitive to outliers and extreme sequencing
depths than proportional normalization. In our analysis, this method yielded the most consistent
results in both alpha and beta diversity metrics, suggesting it effectively mitigated technical
variability without compromising biological signal [64].

As already mentioned, beta diversity is also essential for understanding the differences between
various samples. NMDS was employed for the visualization in this study. However, many studies [62]
also utilize PCoA. The main difference between PCoA and NMDS is that PCoA uses eigenvalues to
show how much variability is captured by each axis, which helps to assess the quality of the
visualization. On the other hand, NMDS evaluates the quality of the result using the Stress values,
which express the amount of distortion. A lower stress value means better preservation of the order
of similarities between samples. PCoA is deterministic, meaning that repeated analyses on the same
data will yield the same result, whereas NMDS is not [41]. The results can be evaluated based on
the criteria described by Kruskal (1964) [65]: stress above 20% (>0.2): unfit - the model poorly
represents the data. If stress is at 15% (>0.15) to 20% (>0.2) in this case, caution is required -
representation is inadequate. Values of 10% (>0.1) to 15% (>0.15) are borderline - a better
configuration would be desirable. Lower values of 5% (>0.05) to 10% (>0.10) are compliant, and the
representation is acceptable. However, it is best if stress values are below 5% (<0.05). These values
are classified as excellent because the model faithfully preserves the original distances. The
observed differences in stress values highlight how each normalization technique addresses
variability and community structure within the dataset. The median sequencing depth
normalization produced the most reliable representation of the community structure, effectively
reducing noise and preserving biological signals. The normalization of relative abundance
introduced some variability that slightly distorted the community relationships. Rarefaction, while
standardizing the total read counts, may have lost important information about rare taxa, resulting
in greater distortion and a less accurate representation of community structure. These findings
highlight the importance of selecting suitable normalization techniques in ecological and
microbiome studies, as normalization methods can significantly impact the interpretation of
community dynamics and relationships. Each normalization method used in the analysis of
metagenomic data has its specific limitations that can affect the results and their interpretation.
Although the rarefaction method standardizes sequencing depth across samples, it results in data
loss, particularly for rare taxa, which can lead to an underestimation of biodiversity and increased
variability in beta diversity. Most normalization methods enable the successful clustering of samples
by biological origin when the groups differ significantly in their overall microbial composition.
Rarefying cluster samples by biological origin more clearly than other normalization techniques for
ordination metrics based on the presence or absence of taxa. Alternative normalization measures
are potentially susceptible to artifacts due to library size, which is an essential consideration when
interpreting results and selecting an appropriate method for a particular study [64]. Based on the
findings of one publication, it has also been shown that rarefaction aligns better with unweighted
distance metrics such as Jaccard or unweighted UniFrac. In contrast, scaling-based methods (e.g.,
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proportional normalization) are more suited to weighted metrics but are more sensitive to library
size differences and may introduce analytical artifacts [66].

The progress of the future research relies on expanding reference databases, platforms do meta-
analysis and advancing bioinformatics tools capable of analyzing data from multiple perspectives
[67]. Another advance in metagenomics is the implementation of machine learning. Machine
learning offers notable advantages over traditional statistical approaches in microbial ecology. It is
particularly effective at identifying subtle changes within microbial communities and isolating key
bacterial taxa that are critical for predicting specific outcomes. Moreover, machine learning is
capable of modeling complex and non-linear relationships between bacterial abundance data and
environmental variables, mirroring the intricacy of real-world systems. This reduces the need for
extensive data transformation or preprocessing, which is often a limiting factor in analyzing datasets
[68].

5. Conclusions

The study focused on analyzing metagenomic data and investigating how this data behaves when
three different normalization techniques are applied. Several functions in the R environment were
used to assess their impact on the alpha and beta diversity of endophytes and microorganisms
found in the roots of plants, specifically in Amaranthus cruentus var. Pribina. Several approaches
currently exist for processing metagenomic data, enabling the detection of endophytes and
microorganisms from both the rhizosphere and the soil. Each approach presents advantages and
disadvantages, emphasizing the need for continuous development of bioinformatic methods for
data analysis. The primary goal is to obtain accurate and reproducible results. Proper experimental
design, the selection of suitable primers, the choice of isolation kits, and comprehensive sample
preparation before sequencing are all equally important factors. These elements can significantly
influence the quality and reliability of the resulting data. The selection of normalization techniques
depends on the specific research question and characteristics of the dataset.
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