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ABSTRACT
Amplicon sequencing is a widely used method to characterize microbial communities across environmental and host-associated sample types. However, variation in DNA extraction methods, sequencing batch effects, contamination, and low-quality samples can introduce biases that hinder reproducibility and cross-sample comparisons. Here, we present a modular and reproducible protocol for amplicon sequence cleaning that accommodates diverse sample types and experimental designs. This workflow standardizes quality filtering, contaminant removal, batch correction, and functional annotation to enable robust downstream analyses of bacterial and fungal communities. The protocol integrates the BU16S-ITS pipeline for ASV inference with R-based tools for data cleaning and normalization and is suitable for projects using Illumina sequencing platforms. Code and documentation are available at https://github.com/k-atherton/Amplicon_Sequence_Data_Processing.
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BACKGROUND
Amplicon sequencing of marker genes for microorganisms, such as genes coding the RNA component of the small subunit of the ribosome (16S rRNA genes) and the intergenic transcribed spacer DNA (ITS) has become a foundation of microbial ecology, enabling high-throughput studies of bacterial and fungal community composition across a wide range of environments (Qin et al., 2021; Thompson et al., 2017; Vasar et al., 2022). Despite its popularity, amplicon sequencing data can be challenging to interpret due to technical variability introduced during sample collection, DNA extraction, amplification, and sequencing. These challenges are particularly acute in studies of the environmental microbiome, which can include many rare taxa (Sogin et al., 2006), as well as studies that include multiple sample types, sequencing batches, or preparation protocols, as such heterogeneity can obscure biological signals (Qin et al., 2021).
To address these issues, we developed a reproducible amplicon sequence quality control and data processing workflow that integrates established, freely available bioinformatics and statistical tools to generate tables of microbial taxa and functional groups for downstream visualization and statistical analyses. Our approach was designed to clean, normalize, and annotate DNA sequences – or reads – generated via high-throughput sequencing of multiple types of PCR amplicons from whole microbial communities in multiple tree-associated microbiomes. However, the protocol can be used to combine datasets from different environmental microbiomes across habitats or with different DNA extraction and PCR amplification protocols. The protocol builds on the BU16S-ITS pipeline for amplicon sequence variant (ASV) calling and taxonomy assignment (Silverstein et al., 2024) and incorporates additional steps in R for: (a) filtering out samples that have low read numbers, (b) contaminant identification and removal, (c) correction for samples analyzed on different sequencing runs (i.e., batch correction), and (d) data transformations for comparisons of microbiomes across samples. We also provide methods for calculating popular microbial diversity metrics and assigning taxa to “functional guilds” that have different primary resources and/or ecological roles in a community, including pathogens and nutrient cyclers. By following this protocol, researchers can quality control and normalize amplicon datasets for improved interpretability and comparability across samples in microbial ecology, environmental health, and host-microbe interaction studies. The code for following this protocol can be found at https://github.com/k-atherton/Amplicon_Sequence_Data_Processing. 

DNA SEQUENCE DATA
PCR amplification is conducted for two types of ribosomal DNA: the hypervariable region of the small subunit (16S V4) rRNA genes that are specific to bacteria (Caporaso et al., 2011) and the ITS2 DNA that is specific to fungi (Anthony et al., 2020). To generate sequence data for a single community, we multiplex both types of amplicons onto a sequencing run, as this tends to generate very high quality DNA sequence data for both amplicon types, potentially because the sequence differences and length differences between the ITS2 (average of 182 bp, R.-H. Yang et al., 2018) and 16S (~ 250-350 bp, Caporaso et al., 2023; Zhao et al., 2023) help with successful initial cluster identification by the Illumina sequencing platform (Fadrosh et al., 2014). 
In addition, we avoid sequencing different experimental treatments or environmental conditions on different sequencing runs, so that we can complete batch correction (correction of sequence data for variation by sequencing run) if needed. Sequencing samples from different conditions on the same sequencing run requires that we sequence replicates of a condition (e.g., urban interior forests) on different sequencing runs, so that all sequencing runs have samples representing each study condition. To accomplish this, we often multiplex replicates of different “sample types” (i.e. habitats, such as soil, roots, or leaves) that experienced different environmental conditions on the same sequencing run (Table 1). The quality control and data processing workflow below is optimized for this type of DNA sequence data, generated from multiple sample types and amplicon types sequenced across Illumina MiSeq runs, but can be applied to any type of DNA amplicon sequence data.

SOFTWARE AND DATA SETS
Software
1. BU16S-ITS pipeline (Silverstein et al., 2024; https://github.com/Boston-University-Microbiome-Initiative/BU16s)
2. R (R Core Team, 2013; version 4.3.1)
3. compositions R package (Boogaart et al., 2024; version 2.0-8; http://www.stat.boogaart.de/compositions/)
4. decontam R package (N. M. Davis et al., 2018; version 1.29; https://bioconductor.org/packages/devel/bioc/html/decontam.html)
5. dplyr R package (Wickham et al., 2023; version 1.1.4; https://dplyr.tidyverse.org) 
6. ggplot2 R package (Wickham, Chang, et al., 2025; version 3.5.1; https://ggplot2.tidyverse.org/) 
7. gridExtra R package (Auguie & Antonov, 2017; version 2.3; https://CRAN.R-project.org/package=gridExtra)
8. optparse R package (T. L. Davis et al., 2024; version 1.7.5; https://github.com/trevorld/r-optparse)
9. phyloseq R package (McMurdie & Holmes, 2013; version 1.44.0; https://joey711.github.io/phyloseq/)
10. purrr R package  (Wickham, Henry, et al., 2025; version 1.0.4; https://purrr.tidyverse.org/)
11. readr R package (Wickham, Hester, et al., 2024; version 2.1.4; https://readr.tidyverse.org/)
12. readxl R package (Wickham, Bryan, et al., 2025; version 1.4.2; https://readxl.tidyverse.org/)
13. robCompositions R package (Templ et al., 2023; version 2.4.1; https://github.com/matthias-da/robCompositions)
14. sva R package (Leek et al., 2025; version 3.48.0; https://bioconductor.org/packages/sva) 
15. tidyr R package  (Wickham, Vaughan, et al., 2024; version 1.3.1; https://tidyr.tidyverse.org/)
16. tidyverse R package (Wickham & RStudio, 2023; version 2.0.0; https://www.tidyverse.org/)
17. vegan R package (Oksanen et al., 2015; version 2.6-4; https://vegandevs.github.io/vegan/)
18. vroom R package (Hester et al., 2023; version 1.6.3; https://vroom.r-lib.org)

Input Data
There are two main types of input data for this pipeline: sequence data files (1) and metadata files (2) that describe each samples (e.g., environmental conditions, sampling date and location, etc.) that has corresponding sequence data. 
1. The main input for this workflow consists of demultiplexed FASTQ files generated from paired (forward and reverse) short-read (up to 250 bp) high-throughput sequencing of PCR amplicons via Illumina sequencing platforms. The sequencing facility can often provide demultiplexed (i.e., sequence data separated by amplicon type and DNA barcode or sample ID) data back to the user, if the user provides the sequencing facility with DNA primer and barcode information for each sample. Each sequenced sample is represented by a pair of files: one for the forward reads and another for the reverse reads. 
2. The secondary input file for these samples is a metadata file for each amplicon sequence dataset. In the metadata, there should be a column called “sample_name” that matches the sample naming scheme from the demultiplexed FASTQ files. In addition, the file should contain a column called “is_control” with values TRUE (in rows for negative controls) or FALSE (in rows for samples), a column called “sample_type” which defines the sample type (e.g., soil, leaf, root), a column called “sequencing_batch” which defines the sequencing run the sample was included on, and a column called “dna_conc”, which contains the sample’s DNA concentration in ng/µL before sample pooling into a single library for sequencing (Table 1).

PROTOCOL OVERVIEW
First, we implement a software module consisting of a set of standard, freely available software products (with default parameters) to isolate high-quality sequences from low-quality sequences and calculate counts of taxonomically annotated Amplicon Sequence Variants (ASVs) in each sample. This in-house pipeline module cleans, clusters, and annotates sequences by combining (a) primer and adapter trimming from sequences and removal of short, low-quality sequences, (b) clustering of sequences into ASVs, and (c) taxonomic assignment of ASVs by mapping to established public DNA sequence databases for bacteria and fungi. Then, we constructed a custom data curation pipeline to format ASV tables (containing untransformed ASV counts per sample) for additional data cleaning steps, remove poorly-sequenced samples, transform ASV counts so they are comparable (i.e. normalized) across samples, and calculated diversity (alpha- and beta-) and functional group relative abundances across samples. The resulting data tables (in .csv format) can be used for statistical analyses of microbial group (taxonomic or functional) relative abundances and diversity differences across samples or sample groups. 
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Fig. 1: An overview of the protocol. Pink steps are performed only on 16S data, blue steps are performed only on ITS data, and purple steps are performed on either type of data. 

Operation
The pipeline is run on Boston University’s Shared Computing Cluster (BU SCC), a Linux cluster, using a command-line interface. For 16S and ITS amplicon sequence data from 854 samples, 22.9 Gb storage was needed for raw FASTQ files and up to 16 cores were used for parallel computation. The first component of the pipeline is loaded as a module on the cluster, then a sequence of commands is submitted as a batch job, so that it will run on another cluster computer that has multiple processors. The second component of the pipeline is also run on the cluster, but can be run locally on a personal computer as well. Each step of the pipeline is run separately for each amplicon dataset analyzed (i.e. 16S and ITS data are not combined for any step, even if sequence data from both amplicons was produced for the same samples). 

STEP 1: QUALITY FILTER RAW SEQUENCE DATA, IDENTIFY AMPLICON SEQUENCE VARIANTS, AND ASSIGN TAXONOMY
Raw amplicon sequencing data is processed using BU16S-ITS (Silverstein et al., 2024), a QIIME2 environment-based (Bolyen et al., 2019) pipeline, customized to run on the BU SCC. Briefly, BU16S-ITS first trims out primers from each sequence and filters out reads of less than 50 base pairs (which would provide unreliable taxonomic assignments and ASV construction (Liu et al., 2007)), using cutadapt (Martin, 2011), then identifies amplicon sequence variants (ASVs) that are 99% similar in rDNA sequence using DADA2 (Callahan et al., 2016). BU16S-ITS classifies a given ASV sequence to a reference database and assigns the taxonomy shared by the majority of the resulting hits. ASVs are assigned taxonomy if they have 95% or greater sequence identity to sequences from individual taxa in an online database: SILVA99 (Quast et al., 2013; version 138.1) for bacteria or UNITE dynamic database (Nilsson et al., 2019; version 9.0) for fungi, using VSEARCH (Rognes et al., 2016). This step is performed separately for each sequencing run. ASVs are assigned a hash, or encryption, of the sequences themselves, so that ASV identifiers are unique to a given sequence, but are the same across all runs. 

STEP 2: FORMAT ASV AND TAXONOMY TABLES FOR DOWNSTREAM ANALYSIS
For analysis of microbial (alpha- and beta-) diversity and relative abundances of microbial (taxonomic or functional) groups across samples, we create sample type-specific datasets that can be cleaned and analyzed according to their unique properties (i.e., sequencing depth and diversity). First, the output ASV tables from the BU16S-ITS pipeline – which contain untransformed counts of each ASV in each sample – and the taxonomy tables – which contain the taxonomic classification information for each ASV – are combined across all sequencing runs into one dataset. This collects all replicate samples for a sample type into a single file. Because different sample types (e.g. soils vs. leaves) may have different sequencing depths or diversity levels, data from different sample types need to be cleaned and transformed separately to allow for optimal calculation of diversity and relative abundances of taxa. To accomplish this, the single data file is then separated by “sample type” for sample type-specific processing. Each sample type-specific dataset is converted into a phyloseq (McMurdie & Holmes, 2013) object for downstream processing. 
[bookmark: _GoBack]To assign taxa to functional groups, fungal genera are matched to the FungalTraits database (Põlme et al., 2020) and assigned the corresponding Primary Lifestyle, and bacterial taxonomy was compared against an in-house functional database developed based on the presence of genes encoding enzymes involved in specific biochemical pathways, including copiotroph, oligotroph, cellulolytic, ligninolytic, methanotroph, chitinolytic, assimilatory nitrite-reducing, dissimilatory-nitrite reducing, assimilatory nitrate-reducing, dissimilatory nitrate-reducing pathways (Vietorisz et al., 2024; Werbin et al., 2024). Fungal plant pathogens are assigned to genera identified by the FungalTraits database (Põlme et al., 2020) with any plant pathogenic capacity description, while fungal animal pathogens are assigned to genera identified by the FungalTraits database with an animal biotrophic capacity description. To assign pathogen status to bacterial ASVs, representative sequences are mapped to the Multiple Bacterial Pathogen Detection database (X. Yang et al., 2023) using the blastn algorithm and classified with 95% or greater sequence identity.

STEP 3: FILTER OUT LOW-READ SAMPLES
The total number of counts observed for a sample (i.e., read depth) has strong effects on community dissimilarity calculations: for example, samples with low numbers of reads often show high beta diversity, or dissimilarity in community composition from other samples (McMurdie & Holmes, 2014). This community dissimilarity may also be related to other properties of the sample (e.g., environmental condition from which the sample was collected, Figure 2), but it is impossible to confirm this if the sample sequenced poorly. Consequently, detection of potentially environmentally meaningful community differences between samples requires that we remove samples that have very low sequence (or read) counts (STEP 3) after the quality control steps outlined above, then transform the data to “normalize” counts across samples (STEP 5) by further reducing the effects of variable read depths (Gloor et al., 2017). STEP 5 is conducted after contaminating ASVs are removed (STEP 4). 
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Fig 2: Example NMDS output during the sample filtration step. (a) An NMDS used to identify outlier samples. In this example, the sample IDs which are clearly visible and among the fringes of the figure, including SW08_QR_O_edge_O1_16S_S128, were identified as outliers. (b) Multiple NMDS plots used to see the data structure with respect to multiple variables, including sequencing batch, sequencing depth (seq_bin), treatment (tree_pit_type), and host species (tree_species). These plots are re-made and compared as samples are dropped to ensure that the overall structure of the data does not change during sample filtration. 

In the first component of this process, we identify the effect of sequencing depth on beta diversity of microbial communities for individual amplicon datasets (e.g., 16S vs. ITS) and remove low-read samples that have a highly unique microbial community composition, primarily because of sequencing depth (or read number), rather than other properties of the sample. Unique community composition in low-read samples is detected as an “outlier” in ordination plots of community dissimilarity between samples, using the raw ASV table (in phyloseq format) generated from the previous Formatting step (STEP 2) in the protocol as input data. To identify outlier samples, first a community dissimilarity matrix is calculated. We use the Aitchison’s distance metric, which performs a log ratio transformation of the data and accounts for the compositional nature of amplicon sequence data (Gloor et al., 2017). The dissimilarity data is visualized in a non-metric multidimensional scaling (NMDS) plot with points labelled as the sample ID (Figure 2a). As low-read samples are removed, the NMDS plotting is repeated until all outlier samples have been removed from the NMDS plot. This creates a curated dataset that can be used to test for effects of other properties of the sample (e.g., environmental condition) that could explain variation in microbial community characteristics. Ideally, we will have removed problematic (i.e. low-read) samples while retaining as many samples as possible in the dataset.
The second component of this process is to evaluate your sample drop thresholds to determine whether beta diversity of microbial communities varies by expected properties of the sample, such as spatial distance between samples (Martiny et al., 2011; Talbot et al., 2014) or habitat from which samples are collected (Delgado-Baquerizo et al., 2018; Tedersoo et al., 2014), within the curated dataset. To run this test, a second set of NMDS is plotted, coloring samples by sample properties of interest (e.g., environmental conditions, such as habitat type, Figure 2b). If the results of this test are not satisfactory, we repeat the first and second components of this step (STEP 3) in the protocol with multiple sample read depth thresholds for each sample type, to see how they impact beta-diversity of the raw ASV counts, how many samples they would remove overall, and how many samples are removed from each environmental condition. Ideally, we choose a read depth threshold that will remove low-read count samples without majorly impacting data structure or removing too many samples from any one environmental condition (Figure 3). 
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Fig. 3: An example output histogram of sequencing depth after individual sequence quality control. Samples are colored by their sequencing batch. The blue dotted line represents the median sampling depth and the red dotted line represents the proposed threshold for removing low-read count samples. 

STEP 4: REMOVE CONTAMINATING ASVs
Sample data can be contaminated with non-sample microorganisms at multiple points in the data collection and sequencing process (Jia et al., 2022), but computational approaches have recently been developed that can remove many of these contaminating sequences from the final microbiome dataset. We removed contaminating sequences from DNA amplicon sequence data with the decontam package in R (N. M. Davis et al., 2018). By default, contaminating ASVs are identified with the “prevalence” method, where an ASV’s prevalence in samples is statistically compared to prevalence in negative controls. ASVs that are identified as being more prevalent in negative controls than samples are labeled as contaminants and removed from the dataset. For any samples without a corresponding sequenced negative control, contaminating sequences are identified with the “frequency” method, where the frequency of an ASV is compared to the sample’s DNA concentration prior to pooling in a sequencing library. Contaminating sequences are assumed make up a larger fraction of DNA in samples that have little total DNA. Therefore, ASVs with a negative relationship between read count and sample DNA concentration will be labeled as contaminants and removed. These statistical methods allow for the removal of laboratory contaminants, rather than negative control contaminants that arise from cross-sample contamination. Additionally, any ASVs that are annotated to non-bacterial or archaeal taxa for 16S data or to non-fungal taxa for ITS data are removed from the dataset during this step.

STEP 5: BATCH CORRECT DATA
To check differences among samples due to batch (i.e., sequencing run) effects, the Aitchison distance matrix of untransformed data is calculated and a permutational multivaraiate analysis of variance (PERMANOVA) is performed with the the adonis2 function of the vegan package in R (Oksanen et al., 2015) is used to calculate the effect of a given variable or list of variables (i.e. sequencing run, sample type, etc.) on community dissimilarity between samples. The PERMANOVA test results of the given variables’ effect on community composition and an NMDS plot of the data, with sample points colored by the given variables, are output (Figure 4). Batch correction is then performed on the untransformed data and combined into one ASV table for downstream analysis. We use the ComBat_seq function in the sva package in R (Zhang et al., 2020), defining the batch variable (sample type, in the case of Atherton et al. 2025, as the leaf, soil, and root samples used different DNA extraction and PCR amplification methods and the sequencing batches did not have strong effects) and the environmental conditions to be preserved in the batch correction (tree age and site type, in the case of Atherton et al. 2025, as they were important variables in the study design). Batch correction is an optional step and does not need to be used in all downstream normalizations and transformations. For example, in Atherton et al. 2025, as batch correction was only done to account for differences in sample type for beta diversity analyses, not for differential abundance analyses.  
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Fig. 4: Example checking for batch effect output. The effect of sample type was corrected for with ComBat_seq in this dataset, as the different sample types were extracted and amplified with different methods, while the effect of tree age and site type (tree_pit_type) were maintained as biological co-variates in the batch correction step. 

STEP 6: NORMALIZE DATA
Untransformed counts of an ASV across samples can vary by methodological differences between samples that may obscure differences in community features (such as alpha-diversity, beta-diversity, and microbial group abundances) due to environmental conditions of interest (Gloor et al., 2017; McMurdie & Holmes, 2014). To “normalize” ASV counts so they are more comparable across samples and sample types, many different transformation processes can be used (Lin & Peddada, 2024). Our protocol generates three different types of data transformations, which can be useful in different situations: center log-ratio (CLR) transformation, Z-score transformation, and rarefaction. CLR transformation is often preferred in sequence-based microbiome analyses, as it accounts for the compositional nature of amplicon sequence-based microbiome datasets (Gloor et al., 2017; Greenacre et al., 2021). Therefore, our code outputs a CLR-transformed ASV table, as well as an Aitchison dissimilarity matrix (which performs a log ratio transformation) for pair-wise comparison of community differences across all samples. Z-score transformation can create datasets that follow a normal or gaussian distribution around a mean (Lloréns-Rico et al., 2021) and is one way to make datasets from different sample types (e.g., soil vs. leaves) comparable. Rarefaction randomly selects sequences to include in each sample, holding all samples to the same read depth. This can remove data to the point that it is unsuitable for calculation of differential taxon abundances across samples (McMurdie & Holmes, 2014). However, we have found that CLR does not sufficiently control for differences in sequencing depth across samples to calculate alpha diversity metrics. In addition, rarefaction can reduce the false discovery rate of ASVs when samples vary more than 10-fold in sequencing depth (Weiss et al., 2017), which is the case with most of our samples. As a result, we use rarefied data to calculate taxon and functional guild relative abundances, as well as alpha-diversity metrics. Rarefaction is conducted with the rarefy_even_depth function in the phyloseq package in R (McMurdie & Holmes, 2013). ASV counts are rarefied for each sample type using random subsampling based on a read count that minimizes dropped samples and maximizes the number of reads per sample. Rarefied data was then used downstream to calculate alpha diversity and determine the percent relative abundances of microbial functional guilds in each sample. 
	To perform downstream beta diversity analyses, the Aitchison distance matrices of each data table are calculated. A pseudocount of “1” is added to all values prior to the calculation (Gloor et al., 2017), as this transformation cannot be performed until the zeros are adjusted, due to the use of centered log-ratio transformations in the calculation.

STEP 7: CALCULATE DIVERSITY METRICS AND FUNCTIONAL GUILD PERCENT RELATIVE ABUNDANCES
Using rarefied data, Shannon’s alpha diversity for each amplicon community is computed (Weiss et al., 2017) using the vegan package in R (Oksanen et al., 2015). Percent relative abundances of functional guilds in each sample is also calculated using rarefied data (Tatsumi et al., 2023). First, rarefied ASV count data are converted to percent relative abundances by dividing each ASV count by the total reads per sample. This ratio transformation allows us to fully convert data to proportions, accounts for compositionality, and makes comparisons of microbial group relative abundances between samples relatively straightforward, especially studies where different sample types are rarefied to different read counts, as was the case in Atherton et al. 2025. To calculate the percent of the microbial community represented by a functional guild, the ratio-transformed rarefied counts are then summed for ASVs assigned to each functional guild. 
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