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PREFACE 
This document is intended to provide a general guide for a standardized workflow of PCR-amplicon, metagenomic, 
and metatranscriptomic (/total RNA) analyses of glacier samples within the ICEBIO consortium. The aim is to 
promote consistency and comparability across the studies. Through the adoption of the standardized workflows 
outlined herein, we hope for a seamless integration of data and insights between doctoral candidates, ultimately 
contributing to an improved understanding of the glacier biome. 
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INTRODUCTION 
 
Sequencing technologies have emerged as one of the most valuable tools for microbial ecologists to study microbial 
communities in diverse ecosystems. It has provided scientists a way to tap into the genetic and functional diversity 
of microbial communities, uncovering their roles, interactions, responses, and ecological impacts. Particularly in 
the cryosphere (i.e. the frozen parts of Earth), sequencing methodologies have been essential to uncover this 
environment as a biologically diverse biome that is dominated by microbial life - for an extensive review of the 
microbial diversity in the glacier biome, we recommend Anesio et al. (2017).  
 
Microorganisms in the cryosphere biome have been found to play pivotal ecological roles in the local ecosystem and 
biosphere. They are the predominant drivers of biogeochemical cycling processes in these systems and have been 
found to be involved in the fixation and sequestration of carbon and nitrogen species in biomass that may 
accumulate in these icy regions (Irvine-Fynn et al., 2021; Segawa et al., 2014; Telling et al., 2011; Telling et al., 2012). 
On glaciers and ice sheets, meltwater may export these nutrients to downstream ecosystems with possibly profound 
e]ects (Kellerman et al., 2020; Stevens et al., 2022). Other known ecological impacts include enhanced surface 
melt through the discoloration of snow and ice surfaces by algae (Cook et al., 2020; Halbach et al., 2022; Hoham & 
Remias, 2020; Millar et al., 2024; Tedstone et al., 2017), and the formation of cryoconite holes (Aoki et al., 2018; 
Fountain et al., 2008; Pittino et al., 2018). Knowledge of microbial diversity and active microbial processes is 
primarily restricted to the surfaces of glaciers and ice sheets due to the di]iculties involved in sampling subsurface 
environments. 
 
The endeavors made to understand the biology within the cryosphere have only recently emerged, and knowledge 
of the active microbial processes remains severely limited in this understudied biome. Sequencing technologies and 
approaches are expected to remain the primary tools for exploring microbial communities in cryospheric 
ecosystems. The resolution depth makes sequencing approaches an attractive tool for studying low abundance 
samples, such as englacial environments, snow, and aerosols (Boetius et al., 2015; Stibal et al., 2015). In these 
environments, microbial abundance may vary between 101 and 106 cells per milliliter sample. For sequencing 
approaches, this is, however, not a severe limitation as recent advancements have made it possible to employ 
sequencing technologies at a single-cell level (Chijiiwa et al., 2020; Wang et al., 2023). 
 
Within the ICEBIO consortium, several projects will employ sequencing approaches to study the diversity and 
activity of whole microbial communities in cryospheric ecosystems. The most popular sequencing approaches for 
whole microbial community analysis include PCR-amplicon sequencing, metagenomics, and metatranscriptomics. 
Each approach will be further introduced in more detail in separate sections in this document. In short, PCR-
amplicon sequencing is used to obtain both taxonomic and functional insights by targeting specific genes of interest 
using primers. Metagenomics extends the information gain by sequencing all genomes within a sample, o]ering a 
broader view of functional capabilities within microbial communities. Neither approaches, however, shed light on 
the active processes of the microbial community. This gap is filled by metatranscriptomics, which not only catalogs 
microbial diversity but also captures the expression of active genes.  
 
The raw data generated by these approaches can be di]icult to process and analyze by scientists who lack the 
required competencies. Moreover, it can require a considerable time investment to do so. For this reason, 
(streamlined) bioinformatics workflows and pipelines have been developed by skilled bioinformaticians to ease the 
process. In this document, we present some of these workflows to be used by those within the ICEBIO consortium 
and beyond. An overview of the workflows can be found in Figure 1. We hope that these workflows will be adopted 
by the ICEBIO doctoral candidates, which will ease data sharing and comparability, and improve collaboration and 
the understandability of data processing between projects. 
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Figure 1. Graphical overview of bioinformatic workflows presented in this document for PCR-amplicon, metagenomic, 
and metatranscriptomic sequences. The annotated data output serves as the starting point for research objective-specific 
downstream analysis.  
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PCR-AMPLICON ANALYSIS  
INTRODUCTION TO PCR-AMPLICON SEQUENCING 
 
PCR-amplicon analysis o]ers a powerful method to investigate the presence of target genes in microbial 
communities, their abundance, and evolutionary relationships that can be used for taxonomic purposes. Popular 
targets for taxonomic diversity studies include the small subunit (SSU) 16S rRNA and the large subunit (LSU) 23S for 
archaea and bacteria, the SSU 18S rRNA and 28S for eukaryotes, and the internal transcribed spacer (ITS) regions 
for fungi (Schä]er et al., 2021). These genes are ideal targets for gaining insights into the diversity of the respective 
taxonomic groups of microbiome samples as these genes contain conservative and (hyper)variable regions that 
allow for targeting the gene and assessing the evolutionary relationships between genes, respectively. 
 
In this section, we will focus on the 16S rRNA gene as our main target. The approximately 1550 base pairs long gene, 
contains nine hypervariable regions (V1-9), spanning from 30 to 100 base pairs each, which are interspersed with 
highly conserved regions (Figure 2). The highly conserved segments, act as anchors for universal primers that can be 
designed to target them for amplification of the targeted region by the Polymerase Chain Reaction (PCR). The primers 
can be barcoded with nucleotide tags, enabling multiplexing. This multiplexing strategy allows for simultaneous 
sequencing of multiple samples, thereby reducing costs and enhancing e]iciency. The reason why only regions of 
the 16S rRNA gene are targeted and not the full length, is due to restrictions in the sequencing length up to a few 
hundred base pairs by the sequencing platform used. This restriction is an inherent issue of next-generation 
technologies that are predominantly used for this approach. However, full-length targeting and sequencing of the 
16S rRNA gene and even the combined region of the 16S rRNA gene, ITSs region, and 23S RNA gene using third-
sequencing technologies capable of long-read sequencing, are in active development. 

 
Figure 2. Percentage sequence identity of conserved and hypervariable regions of the bacterial 16S rRNA gene (adapted 
from Wensel et al., 2022). 
 
When it comes to sequencing, next-generation Illumina platforms are the most widely used, providing high coverage 
and minimal per-base error rates for fragments under 300 base pairs, all at an economically low cost. The platform 
can be operated in two modes, single reads and paired-end reads. While the former o]ers cost-e]ective use, the 
latter sequences both ends of the fragments, not only increasing the number of reads but also enhancing read 
coverage, extending coverage of the target region, and significantly improving the accuracy of sequence alignment. 
This will eventually yield higher-quality amplicon sequence variants (ASVs), each a unique DNA sequence identified 
by even a single nucleotide di]erence, improving the analysis. Paired-end sequencing provides two file outputs per 
sample, one for the forward reads and one for the reverse. Before this, all pooled samples are demultiplexed by 
Illumina’s software in one of the last steps in the sequencing workflow. The platform will therefore generate two 
FASTQ files per sample that contain the sequencing data. This data can be processed by the following bioinformatics 
workflow. 
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BIOINFORMATICS WORKFLOW 
 
Quality filtering 
Before taxonomic annotation, the raw sequencing reads are required to be processed through several steps, 
including filtering bad-quality reads and trimming bad-quality ends. QIIME2 is a free and open-source bioinformatics 
platform that is the main tool used in this workflow. Quality trimming is done before putting the data into QIIME2 as 
it has been shown that this improves the number of good-quality reads and abundance values (Mohsen et al., 2019). 
For quality trimming, we use the Perl wrapper Trim Galore (Felix Krueger, 2023) which combines the tools Cutadapt 
(Martin, 2011) and FastQC (Andrews, 2010) for quality trimming and generating HTML-based reports for inspection. 
Small reads (<200bp) are also removed. 
 
QIIME2  
Next, the data will be fed into the QIIME2 bioinformatics platform (Bolyen et al., 2019), which uses numerous plugins, 
including Cutadapt and DADA2 (Callahan et al., 2016) to process the quality-filtered reads to annotated ASVs. This 
is done in four stages:16S rRNA-specific trimming, denoising, joining of the reads into exact ASVs, and taxonomic 
annotation. The trimming step serves a di]erent purpose than the quality trimming done before. This trimming step 
removes the primer sequences from the reads, which must be specified. After being further trimmed, the reads are 
denoised by the plugin DADA2, which identifies and separates true sequences from noise (i.e. sequencing errors and 
chimeras), after which the true sequencing reads are joined into ASVs. An additional step can be done to ensure the 
existence of only true ASVs in the data by comparing the ASVs across all samples and removing the ASVs that are not 
found in at least two samples. 
 
Taxonomy assignment  
Taxonomy is assigned to the ASVs using the feature-classifier plugin (Bokulich et al., 2018) in QIIME2 that trains a 
scikit-learn naïve Bayes classifier on a provided database. We use the Greengenes 99% OTUs and the SILVA SSU Ref 
NR99 databases for taxonomic assignment. However, other databases are available and may provide more useful 
results, albeit these two databases have presented reasonable results in microbiome analysis of glacial 
environments. As recommended by the developers, to improve the classification accuracy, the sequences in these 
databases are truncated to the region of interest, which is identified through an in silico analysis of the binding sites 
of the primers on the sequences in the databases. 
 
Rarefaction curves  
A final quality check is needed to determine if the sequencing depth was su]icient enough to capture the true 
diversity of a sample. This assessment is done by using the DADA2 alpha-rarefaction action that generates 
rarefaction curves. Rarefaction curves visualize the number of unique ASVs as a function of the number of 
sequences per sample, also called the sequencing depth. As the sequencing depth increases, the number of ASVs 
increases until a plateau is reached. A successful sequencing run will show a rarefaction curve reaching a plateau, 
meaning that the sequencing depth was high enough to capture (most of) the entire diversity of the sample. In other 
words, a higher sequencing depth would not increase the number of unique ASVs. On the other hand, if the curve 
does not reach a plateau, the sequencing run was unsuccessful in capturing the full diversity of the sample, and 
resequencing the sample with a higher sequencing depth may be required. For proper comparisons between 
samples, a similar sequencing depth is needed. Imbalanced sample sizes in the multiplexes DNA pool that is 
sequenced by the sequencing platform can result in a significant di]erence in the number of ASVs between samples. 
In this case, samples with a high amount of ASVs need to be rarefied to the minimum number of sequences found 
within samples. It is important to note that this process, although necessary for sample comparison, will result in 
the loss of a portion of the information. Alternatively, it is also possible to remove samples with too low sequencing 
depth to minimize this loss.  
 
Downstream analyses 
One of the data outputs is a (rarified) abundance table of the ASVs across the samples accompanied by the provided 
metadata. The analytical approach for this or any other data output from QIIME2 varies depending on the specific 
research questions and objectives of the researcher. Therefore, we will not provide a detailed description of this 
process in this document. A popular approach is to continue the downstream bioinformatic analyses in the 
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programming language of R. To achieve this, the package qiime2R can be used, which is able to convert QIIME2 
objects into, for example, Phyloseq objects using the function qza_to_phyloseq. Phyloseq is an R package 
specifically developed for the analysis of microbial communities and proposes a set of tools for ecological and 
phylogenic analysis (McMurdie & Holmes, 2013). 
 
METAGENOMIC ANALYSIS 
INTRODUCTION TO METAGENOMICS 
 
PCR-amplicon sequencing provides limited information on microbial communities but processing and analyzing its 
data remains relatively simple compared to metagenomic analysis. Sequencing all genomes of a biological sample 
generates vast amounts of data but can provide valuable insights into the genetic diversity, functional potential, and 
adaptability of microbial communities (Justice et al., 2008; Vandecraen et al., 2017). Metagenomic sequencing has 
become more widely used with the technological advancements that have revolutionized DNA sequencing, enabling 
more cost-e]ective and widespread approaches. With reduced costs, sequencing techniques have become 
accessible to a broader range of researchers and institutions (Christensen et al., 2015).  
 
Widely used platforms for metagenomic sequencing include Illumina’s second-generation sequencing platforms for 
massively paralleled short-read sequencing and Nanopore’s third-generation sequencing technology for long-read 
sequencing of single DNA molecules. Illumina platforms have the advantage of providing low per-base error rates 
and relatively higher coverage, whereas Nanopore platforms can provide long sequencing reads of several kilobase 
pairs but at the expense of a higher error frequency for the assembly process. The drawback of short sequencing 
reads is the incapability of correctly handling repetitive and transposable elements in genomes for producing 
complete metagenome-assembled genomes (MAGs) that are of high quality. To overcome these limitations, a 
combination of both platforms can be used to obtain high-quality MAGs (Xia et al., 2023). However, third-generation 
sequencing technologies are improving at a rapid rate. Nanopore has been able to decrease its error frequency 
through new chemistries and flow cell designs and is leading a revolution to a new age of stand-alone long-read 
metagenomic analysis. Currently, high-quality near-complete metagenomes can be produced using the latest 
Nanopore flow cell R10.4.1 without “Illumina polishing” (Sereika et al., 2022).  
 
Looking at these current developments, we advise the doctoral candidates within the ICEBIO consortium to solely 
employ long-read sequencing for metagenomic analysis using (preferably) Nanopore’s latest technologies. For this 
reason, the bioinformatics workflow presented in this section for metagenomic analysis is focused on processing 
metagenomic sequencing data obtained by Nanopore platforms.  
 
BIOINFORMATICS WORKFLOW 
 
Compared to PCR-amplicon data, processing metagenomic data requires high processing capacity and memory 
storage. It is recommended that all steps in this workflow are run on a dedicated workstation or a High-Performance 
Computing cluster (HPC) through a job scheduler (e.g. SLURM). The workflow relies on open-source tools, the 
majority of them being available as Conda/Mamba installations, allowing for seamless handling of environments 
and the necessary dependencies. The workflow exists of four stages: initial processing of raw sequencing data (i.e. 
base calling, adapter trimming, and demultiplexing), quality control, assembly of MAGs, and finally, taxonomic and 
functional annotation of metagenomic content. 
 
Base calling, adapter trimming, and demultiplexing 
Nanopore sequencing platforms store their output in a POD5 file format (developed by Nanopore) that contains raw 
electric signal data from the sequencing platform. This data can be converted into written nucleotide sequencing 
reads in a process called base calling. The produced reads contain adapter and barcode sequences that were ligated 
at both ends of the reads prior to the sequencing and need to be removed post-sequencing. The adapter sequences 
are a requirement for the sequencing process, while the barcodes, similar to PCR-amplicon sequencing, are used 
for multiplexing samples to reduce costs and increase e]iciency. After base calling, the adapter sequences are 
trimmed from the reads and demultiplexed into separate sample groups using the barcode sequences. The 
barcodes are removed during the process. In our workflow, all these steps are done using Nanopore’s base caller 
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Dorado which has streamlined the process in a single command. However, if, for some reason, it is desired to do 
demultiplexing in a later step separately, the developers advise disabling adapter trimming as this can accidentally 
remove parts of the barcode sequences. To disable adapter trimming, the  --no-trim flag should be included in 
the command. Trimming and demultiplexing can then be done with the command dorado demux. Specifying the 
--emit-fastq flag in this command will provide the standard output from Dorado, which are FASTQ files that are 
compatible with downstream analyses. Accidental removal of barcode sequences is prevented by Dorado when 
adapter trimming is done in combination with base calling and demultiplexing. 
 
Quality control 
To evaluate the quality of the reads in the FASTQ files, numerous packages and tools exist. For example, NanoPack, 
a Python-based package, contains several tools that have been specifically adapted to work with long-sequencing 
reads (De Coster & Rademakers, 2023). It includes the tools NanoPlot and NanoComp, which provide the user with 
graphical representations and statistical insights into the reads. A call to NanoPlot produces a list of plots and 
statistics, including the read length, quality, yield, N50 (the threshold of the minimum read size at which the longest 
reads cover 50% of the total length of all reads), and more. NanoComp creates, among other things, violin plots to 
compare the read lengths between di]erent runs. Figure 3 shows two examples of the expected output. 

  
Figure 3. Example output from quality checks by NanoPlot (left) and NanoComp (right).  
 
Assembly 
This and the following step aim to assemble the (long) DNA fragments into the original DNA sequences of the 
organisms in the samples by merging overlapping reads first into contigs and then into MAGs. The assembly can be 
done for each sample separately or combined (co-assembly). The latter may improve the assembly process (not 
always) in samples that share taxa that di]er in abundance and is recommended if the objective is to compare taxa 
abundances between samples. 
 
To date, a number of di]erent MAG assemblers are available for long reads (Latorre-Pérez et al., 2020). Our preferred 
choice is the tool Flye, which o]ers a good balance between quality and performance (Kolmogorov et al., 2019). The 
tool requires minimal parameter tuning and is straightforward to use (see documentation). Note that for 
metagenomic data, the flag --meta must be specified to enable the metagenomic mode. Other flags that may be 
important to include are --plasmids (to retrieve plasmids), --threads (number of parallel threads for 
processing), and --iterations (polishing step to correct small errors, default is one). However, like other long-
read assemblers, Flye may struggle to obtain small plasmids (Johnson, Soehnlen, & Blankenship, 2023), and other 
tools, such as Unicycler, may be needed instead for this purpose. The output of Flye is an assembly file in FASTA 
format containing the assembled contigs, among other things. 
 
Despite the polishing step in Flye to decrease the number of errors in the assembled contigs, it is advised to run a 
separate error correction step using di]erent tools due to the high error profile of long reads obtained by third-
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generation sequencers (Arumugam et al., 2023). We provide three ways of doing this. The simplest route is through 
the tools Racon (Vaser et al., 2017) and Medaka (developed by Nanopore). Both tools use the FASTA/FASTQ 
sequences containing the raw reads and the assembly output from Flye as input. The raw reads are in both tools re-
aligned to the assembled contigs for assessing discrepancies using their own algorithms. Medaka also requires the 
raw signal output from the sequencer, which it utilizes to identify discrepancies in the sequences of the assembled 
contigs in a deep neural network model. The third option is possibly a more powerful approach but also more 
complex. It involves the concerted use of MEGAN-LR (Huson et al., 2018) and DIAMOND (Buchfink, Reuter, & Drost, 
2021) to correct for frameshifts caused by indels (i.e. insertion-deletion mutations) in the sequences by producing 
DNA-to-protein alignments against the NCBI-NR database. 
 
Binning and recovering MAGs (Metagenome-Assembled Genomes) 
The final step is to group the corrected contigs into bins of which ideally each bin represents a single putative 
taxonomic group. A number of binning approaches exist that exploit similarities in sequence characteristics and 
sequencing data. In these approaches, the read coverage of contigs (i.e. the number of average reads aligned to a 
contig) often plays an important role as reads from the same species in a sample should have similar abundances, 
thus the read coverage for contigs made up from reads from the same species should, therefore, also be similar.  
 
One such tool that exploits the read coverage is MetaBAT2, which we advise for binning in this workflow. This tool 
has been shown to outperform other binning tools in terms of performance and number of bins recovered at di]erent 
completeness and precision cuto]s (Kang et al., 2019). It is, however, always encouraged to test di]erent binning 
algorithms/programs to evaluate their performance, such as MaxBin2, CONCOCT and COCACOLA (Yue et al., 2020). 
MetaBAT2 requires the assembly file and a text file containing the read coverage of the contigs, which can be 
generated through the function jgi_summarize_bam_contig_depths. Alternatively, the tool minimap2 may be 
used, which is a mapping tool that is also used in the tool Racon. Minimap2 is a widely used mapping tool that 
performs well with long reads and large databases (Li, 2018). As input, it requires the assembled contigs and the raw 
read files. Note that the flag --ax map-ont has to be included. The output file is in a sequence alignment/map 
(SAM) file format that allows to store alignment coordinates for each read. MetaBAT2 requires the input file for the 
read coverage of the contigs in a binary alignment/map (BAM) format. The SAMtools package from Danecek et al. 
(2021) can be used to convert SAM files into BAM files.  To convert the SAM files, include the sub-commands: view 
for conversion, sort for sorting, and index and idxstats for indexing and calculating the number of mapped 
reads per contig respectively. Besides submitting the input files, tuning the parameters in MetaBAT2 may be 
necessary to obtain high-quality MAGs. The developer’s documentation provides several solutions for parameter 
tuning depending on the situation and we advise the user to consult the latest documentation for guidance on the 
best approach. 
 
The output of MetaBAT2 is a FASTA file for each putative bin. It is worth knowing that MetaBAT2 is expected to produce 
better accuracy with increasing sample input due to the adaptive binning algorithm. As a final step, the quality of the 
bins is assessed using the well-known tool CheckM in its most recent release CheckM2 utilizes machine learning 
models to predict the quality of the recovered bins (Chklovski et al., 2023). As a “rule of thumb”, high-quality MAGs 
are considered to be complete for 95% or more and containing less than 5% contamination. 
 
Taxonomic and functional annotation 
To assign the correct taxonomies to the MAGs, we make use of The Genome Taxonomy Database Toolkit (GTDB-tk) 
in this workflow (Chaumeil et al., 2019). The GTDB contains hundreds of thousands of genomes representing more 
than a hundred thousand unique bacterial and archaeal species. Species-level resolution is provided through 
average nucleotide identity, while higher taxonomic ranks are inferred from a set of more than a hundred marker 
genes using the HMMER algorithm (Eddy, 2011). The relevant command is gtdbtk classify_wf, which requires 
the input bins and the output paths. The reference database (~ 84 GB) must be downloaded beforehand.  
 
Functional annotation of the MAGs is done by using the software tool Prokka (Seemann, 2014). Prokka requires the 
MAGs as input and produces a faa file containing the predicted protein sequences and a g] file containing both the 
MAGs and annotations among other things. The g] file can be directly loaded in genome visualization programs like 
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Artemis or, with slight modifications, in CIRCOS, to then proceed with visual MAG inspection. Depending on the 
research objectives, other downstream analyses may be done. 
 
METATRANSCRIPTOMIC ANALYSIS 
INTRODUCTION TO METATRANSCRIPTOMICS 
 
PCR-amplicon sequencing and metagenomics have served as the predominant methodologies for whole microbial 
community analysis in natural environments in the past decades. Only recently has there been a substantial 
increase in metatranscriptomics projects, driven by the emergence of next-generation sequencing (NGS) 
technologies applied for analyzing metatranscriptomes (Shakya, Lo, & Chain, 2019). Metatranscriptomics succeeds 
its predecessors by providing insights into both the microbial diversity and the expression of active genes at any given 
time (Moran, 2009). Real-time insights into the gene expression profiles of microbial communities allow researchers 
to gain insights into the functional dynamics within ecosystems. 
 
Within the cryosphere, metatranscriptomics has been applied to gain both taxonomic and functional insights into 
the active microbiome in thawing permafrost (Altshuler et al., 2019; Buelow et al., 2016; Coolen & Orsi, 2015; Scheel 
et al., 2023; Tveit et al., 2015; Varliero et al., 2021), glacial snow and ice (Bradley et al., 2023), perennial cave ice 
(Mondini et al., 2022), sea ice (Pearson et al., 2015), subglacial lakes (Gura & Rogers, 2020; Shtarkman et al., 2013), 
and cryoconite holes (Pittino et al., 2023; Segawa et al., 2020). In these studies, metatranscriptomics analysis has 
been used to elucidate microbial interactions (Scheel et al., 2023), the physiological state of microbial cells (Bradley 
et al., 2023), community responses (Coolen & Orsi, 2015), and biogeochemical cycling (Altshuler et al., 2019; 
Segawa et al., 2020).  
 
The value of metatranscriptomics analyses in microbial ecology cannot be overstated but its rich and complex data 
is far from trivial to process and analyze, often demanding considerable time investment. To ease the data 
processing process, user-friendly streamlined bioinformatics pipelines have been developed, such as the TotalRNA 
pipeline from Campuzano (2023) that was developed at Aarhus University (Denmark).  We encourage researchers 
within the ICEBIO consortium and beyond to adopt this pipeline to ensure uniformity of data processing. 
 
BIOINFORMATICS WORKFLOW 
 
The TotalRNA pipeline is continually undergoing development, and users are encouraged to refer to the latest 
documentation for guidance on utilizing the pipeline (Campuzano, 2023). Currently, the TotalRNA pipeline only 
handles raw paired-end reads from the Illumina platform. Here, a summary is given of the processing steps in the 
current version of the pipeline (v1.1.0). These steps are, however, automated within the pipeline, which is run by a 
single command and using a configuration file in which the user can specify instructions other than the default 
settings. 
 
Summary of data processing steps 
In the TotalRNA pipeline, first, raw paired-end Illumina reads are trimmed and quality-checked by Trim Galore (Felix 
Krueger, 2023). The trimmed reads are then categorized into four fractions based on their sequence similarity to 
reference databases: small subunit (SSU) rRNA reads, large subunit (LSU) rRNA reads, non-coding (nc) RNA reads, 
and unaligned reads (mRNA). The reference databases for sorting include the SILVA SSU Ref NR99 Release 138.1 
(SSU rRNA), SILVA LSU Ref NR99 138 Release 138.1 (LSU rRNA) (Quast et al., 2012), and Rfam (Kalvari et al., 2020) 
(non-coding RNA) databases. While LSU rRNA and ncRNA reads are excluded from further processing, SSU rRNA 
and mRNA reads are assembled into RNA contigs by MetaRib (Xue, Lanzén, & Jonassen, 2020) and annotated. Crest4 
(Lanzén et al., 2012) is used to annotate the reconstructed SSU rRNA contigs using a manually curated SILVA SSU 
database Release 138.1 (Bacteria, Archaea, and Fungi) and the PR2 v4.13 (Guillou et al., 2012) (Protist) database. 
Annotation of the mRNA contigs is done by DIAMOND (Buchfink, Xie, & Huson, 2015) using its internal database and 
the AnnoTree database (Gautam et al., 2022). Lastly, abundances of the RNA contigs are approximated by 
determining the coverage of the trimmed reads to the RNA contigs using BWA (Li & Durbin, 2009). 
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Data output 
The pipeline provides several data outputs, including an annotated SSU rRNA and mRNA abundance table, a 
Phyloseq object of the SSU rRNA data that can be used for further analysis in the programming language of R, and 
an interactive Jupyter notebook in which the user can re-run parts of the code and change default parameters as 
desired. Many microbial ecologists are familiar with programming in R and the R package Phyloseq, therefore 
handling the Phyloseq object and the tabular data output for downstream analyses should be straightforward. All in 
all, the TotalRNA pipeline stands out as a robust solution that streamlines the complex data processing steps of 
metatranscriptomics data, helping researchers to more e]iciently explore and interpret the taxonomic and 
functional dynamics within microbial communities. 
 
CONCLUDING REMARKS 
 
The goal of this document was to provide standardized bioinformatics workflows for PCR-amplicon, metagenomic, 
and metatranscriptomics analysis on glacier samples for the ICEBIO doctoral candidates and for anyone interested 
beyond. Through the adoption of these workflows, we hope to achieve increased comparability of data, improved 
understanding of data processing, and improved collaboration between the doctoral candidates of the ICEBIO 
consortium. These workflows, and especially the usage of the tools within, are by no means obligatory to follow. We 
urge anyone to always refer to the latest trends in these rapidly developing fields, and share and discuss these trends 
within the consortium.  
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