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1. Microbial Community Analysis Pipeline

1.1. Install the necessary programs.

1.1.1. Install Conda by following the instructions here https://docs.conda.io/projects/continuumio-conda/en/latest/user-guide/install/index.html

1.1.2. Install FastQC with: conda install -c bioconda fastqc

1.1.3. Install fastp with: conda install -c bioconda fastp

1.1.4. Install Kneaddata with: conda install -c bioconda kneaddata

1.1.5. Install HUMAnN2 with: conda install -c bioconda humann2

1.1.6. Install PEAR with: conda install -c bioconda pear

1.1.7. Install BLAST with: conda install -c bioconda blast

1.1.8. Install QIIME2 with: conda install -c qiime2 qiime2

1.1.9. Install R with: conda install -c r r

1.2. Evaluate the data’s raw quality by using FastQC’s “fastqc” command in the form of “fastqc $data -o $output”. Once FastQC is complete, the html in the output folder should be inspected to see sequence quality as defined by q scores. 

Note:  The variables in the command are as follows: $data is the name of an individual raw data file (with the extension of either “.fastq” or “.fq”) and $output is the name of the output folder.

1.3. Run fastp’s “fastp” command to discard poor quality data in the form of “fastp -r -i $FORWARD -I $REVERSE -t $FORWARD_#_BASES_DROPPED -T $REVERSE_#_BASES_DROPPED --out1 $FILTERED_FORWARD --out2 $FILTERED_REVERSE”. 

Note: The variables in the command are as follows:  $FORWARD is the file containing the forward sequences, $REVERSE is the file containing the reverse sequences, $FORWARD_#_BASES_DROPPED is the number of bases to cut from the end of the forward sequences, $REVERSE_#_BASES_DROPPED is the number of bases to cut from the end of the reverse sequences, $FILTERED_FORWARD is the name of the file containing the filtered forward sequences, and $FILTERED_REVERSE is the name of the file containing the filtered reverse sequences. 

1.4. Create a database of human sequences for decontamination. Download the human genome with “wget ftp://ftp.ncbi.nlm.nih.gov/genomes/all/GCA/000/001/405/GCA_000001405.28_GRCh38.p13/GCA_000001405.28_GRCh38.p13_genomic.fna.gz” and decompress using gunzip. Then run “bowtie2-build GCA_000001405.28_GRCh38.p13_genomic.fna.gz human”.

Note: If the wget command is not found, run “conda install -c anaconda wget” to install it. If the gunzip command is not found, run “conda install -c ostrokach gzip” to install it. 

1.5. To remove human contamination, run Kneaddata2 using “kneaddata --bypass-trim --input $FILTERED_FORWARD --input $FILTERED_REVERSE -o $OUTPUT -db $PATH/human” 

Note: The variables in the command are as follows:  $FILTERED_FORWARD is the filtered forward file from fastp, $FILTERED_REVERSE is the filtered reverse file from fastp, $OUTPUT is the name of the output folder, and $PATH is the absolute path to the database created in step 1.4. 

1.6. Prepare the data for general functional and compositional analysis with HUMAnN2 by combining the filtered Kneaddata2 forward and reverse sequences for each sample using “cat $K_FORWARD $K_REVERSE > $COMBINED”. 

Note: The variables in the command are as follows: $K_FORWARD is the file containing the fastp and Kneaddata2 filtered forward sequences, $K_REVERSE is the file containing the Kneaddata2 fastp filtered reverse sequences, and $COMBINED is the name of the resulting file.

1.7. Run HUMAnN2 on all combined files with “humann2 --input $COMBINED --output $OUTPUT”.

Note: The variables in the command are as follows: $COMBINED is the combined file from the previous step and $OUTPUT is the base name of the folder that will contain all of the temporary output files generated as well as the final output tables for the genes and pathways. 

1.8. Format the HUMAnN2 data. For each sample, there are typically three files of interest: the “genefamilies.tsv” file (contain UniRef90 genes), the “pathabundance.tsv” file (containing Metacyc pathways), and the “metaphlan_bugs_list.tsv” file (containing the relative abundances of microbes present at the kingdom through species levels and located within the outputted folder). Create three folders, one for each type of file, and move all files for each type into their respective folder. Then run “humann2_join_tables --input $FOLDER --output $OUTPUT” for each folder. 

Note:  The variables in the command are as follows: $FOLDER is the folder containing the files of interest and $OUTPUT is the resulting table.

1.9. Prepare the data for antimicrobial resistance analysis. If data are paired-end, pair the files by using PEAR’s “pear” command in the form of “pear -f $K_FORWARD -r $K_REVERSE -o $PAIRED”. 

Note:  The variables in the command are as follows: $K_FORWARD is the name of the file containing the sample’s fastp and Kneaddata2 filtered forward sequences, $K_REVERSE is the name of the file containing its fastp and Kneaddata2 filtered reverse sequences, and $PAIRED is the name of the resulting paired file

1.10. Prepare the antimicrobial resistance database. Download the MEGARes 2.0 database (.fasta file) from https://megares.meglab.org/download/index.php. Then format it as a BLAST database using “makeblastdb -in $FASTA -out $DATABASE -dbtype nucl”. If the “.txt” extension is appended to the MEGARes2.0 file, simply delete “.txt” before running the database command.

Note: The variables in the command are as follows: with $FASTA is the name of the downloaded database file and $DATABASE is the name of the newly created database

1.11. Use BLAST with the MEGARes 2.0 database to determine which antibiotic, biocide, and metal resistance genes are expressed in the samples with a command in the form of ‘blastn -task megablast -evalue 0.001 -max_target_seqs 1 -query $PAIRED -db $DATABASE -out $OUTPUT -outfmt "6 sseqid  slen qseqid bitscore evalue qlen pident mismatch length staxids sscinames scomnames""’. 

Note: The variables in the command are as follows: $PAIRED is the filtered, paired file from running PEAR, the $DATABASE is the database created in the previous step, and $OUTPUT is the desired name of the output file

1.12. Reformat the output file. 

1.12.1. Open it with a spreadsheet editor. 

1.12.2. Create a pivot table such that sseqid values are the rows and the number of times they appear in the table (count) are in the first column and their slen value (how long the sequence is in the database) is in the second. 

Note: The initial BLAST output file will not have headers. However, the columns will be in the order specified, meaning the first column will be sseqid and the second slen and so on.

1.12.3. Create a third column that contains sequences per kilobase normalized (rpk) values (the result of dividing the first column by the second and multiplying that dividend by 1000). 

1.12.4. Make the header for third column the name of the sample and delete the first (count) and second (slen) columns.  

1.12.5. Check that the resulting table has a list of hits (sseqids) as the row names with the header for that column being (sseqid) and another column with the rpk normalized values. 

1.12.6. Save the pivoted table as a tab-delimited (.txt) file and put the tables for all samples in the same folder. HUMAnN2 can then be used to merge the tables with the command “humann2_join_tables --input $FOLDER --output $OUTPUT” as before. 


1.13. Import the three combined functional tables (AMR genes, UniRef90 genes, and Metacyc pathways) into Qiime2.

1.13.1.  First convert them to hdf5 biom format with the command ‘biom convert -i $INPUT -o $BIOM --to-hdf5 --table-type="OTU table"’ 

Note: The variables in the command are as follows: $INPUT is the combined table and $BIOM is the name of the resulting .biom file.

1.13.2. Import the resulting biom files into QIIME2 using “qiime tools import --type ‘FeatureTable[Frequency]’ --input-format BIOMV210Format --input-path $BIOM --output-path $QZA” 

Note: The variables in the command are as follows: $BIOM is the output table from the “biom convert” command and $QZA is the name of the newly created Qiime2 artifact. 

1.14. Create a metadata file with all the sample names and their fracking classification status. Format it as described here https://docs.qiime2.org/2020.8/tutorials/metadata/.

1.15. Run diversity analysis through Qiime2 with “qiime diversity core-metrics --i-table $QZA --m-metadata-file $METADATA --p-sampling-depth $DEPTH --output-dir $OUTPUT”. Pick a $DEPTH that is no greater than the smallest sample (based on the sum of all of its features) that is to be retained

Note: The variables in the command are as follows: $QZA is the imported table from the previous step, $METADATA is the .txt file containing the sample groupings (HF+/-), $DEPTH is the depth to rarefy (subsample) to account for differences in the number of sequences, and $OUTPUT is the folder containing all of the output files. From this point on, the steps are written with the assumption that the metadata file is “metadata.txt” with a column named “Fracking_Status”. 

1.16. View the resulting qzv files with view.qiime2.org (Figure 3A).

Note: If more control over the PCoA plot’s appearance is desired, the bray_curtis_distance_matrix.qza file can be exported with “qiime tools export --input-path bray_curtis_distance_matrix.qza --output-path $OUTPUT”. The distance_matrix.tsv file in that output folder ($OUTPUT) can be used to remake the PCoA in R (Figure 3B). 

1.17. Run beta diversity statistics on the resulting Bray-Curtis distance matrix using “qiime diversity beta-group-significance --i-distance-matrix bray_curtis_distance_matrix.qza --p-method permanova --m-metadata-file metadata.txt --m-metadata-column Fracking_Status --o-visualization $OUTPUT”. 

Note: The variable in the command is as follows: $OUTPUT being the Qiime2 visualization (.qzv) file that contains the results of the PERMANOVA test. 

1.18. Run alpha diversity statistics with the command “qiime diversity alpha-group-significance --i-alpha-diversity observed_features.qza --m-metadata-file metadata.txt --o-visualization $OUTPUT” Repeat this step twice using the evenness_vector.qza and shannon_vector.qza files instead of the observed_features.qza file.

Notes: The variables in the command are as follows: $OUTPUT is the Qiime2 visualization file that contains the results of the statistical test (Kruskal-Wallis). 

1.19. Run random forest analysis to determine which features can be used to differentiate samples based on fracking status and how effective the dataset overall is at that task. This can be done through the randomForest package in R or Qiime2. The Qiime2 method is easier (1.19.1), but the R method (1.19.2-1.19.7) gives more control over how the analysis is conducted.

1.19.1. Using Qiime, run “qiime sample-classifier classify-samples-ncv --i-table rarefied_table.qza --m-metadata-file metadata.txt --m-metadata-column Fracking_Status --output-dir $OUTPUT” where $OUTPUT is the resulting folder. See Qiime2’s classification tutorial https://docs.qiime2.org/2020.8/tutorials/sample-classifier/ for more details about this command.

Note: The output folder will contain three files: feature_importance.qza, predictions.qza, and probabilities.qza. See https://docs.qiime2.org/2020.8/tutorials/sample-classifier/ for a description of those files and        
https://scikit-learn.org/stable/modules/ensemble.html#feature-importance for a description of how accuracy is measured

1.19.2. Get R ready. Activate R by entering “R” into the console. Install the Qiime2R package with “install.packages("remotes”)” followed by remotes::install_github("jbisanz/qiime2R"). Install the randomForest package with install.packages(“randomForest”).

1.19.3. Load the libraries with “library(qiime2R)” and “library(randomForest)”.

1.19.4. Load the data with “asv_table = read_qza(“rarefied_table.qza”)” and “metadata = read.table(metadata.txt, header=T, check.names = F, sep = "\t", quote = "")” The same metadata file that was used with other analyses should work here as well, as long as the header for the first column does not contain a “#”. 

Note: Both of those lines store the loaded data in objects, asv_table and metadata, respectively so that they can be easily referenced later.

1.19.5. Format the feature table. Extract the feature frequencies by running “table = asv_table$data”. Then transpose it using “t_table = t(table)”.

1.19.6. Run random forest with the command “rf = randomForest(t_table, meta$Fracking_Status, ntree=100, votes = T, norm.votes = T, importance = T)”.

1.19.7. Extract the results with the following commands: “confusion = rf[["confusion"]]”, “importance = rf[["importance"]]”, and “votes = rf[["votes"]]”.  The information in the importance object is equivalent to the feature_importance.qza (albeit with different accuracy metrics), and the information in the votes object is equivalent to the probabilities.qza. The confusion object contains the confusion matrix and the proportion of times samples within a group were classified incorrectly. 

Note: See https://cran.r-project.org/web/packages/randomForest/randomForest.pdf for the randomForest’s package documentation. The results of the random forest done through R can be visualized with a variety of functions and packages. For example, the varImpPlot function can be used like so “varImpPlot(rf)” to create a variable importance plot (Figure 3C). Such a plot could also be generated using the importance object and ggplot2. 

1.20. Repeat steps 1.15 through 1.19 for all functional datasets. 
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This pipeline can be difficult to run, especially since it assumes familiarity with running programs via command line. Many online tutorials for learning how to use command line programs are available. For example, the one at https://www.learnenough.com/command-line-tutorial/basics goes through some basic commands with pictures. Furthermore, there are a wide variety of possible errors even when following this example pipeline. However, the two most common are essentially “File not found” and “Command not found” errors. The former can be dealt with by checking that the desired input file is present in the folder that the command is being executed in by running the “ls” command if using Mac’s Terminal or a Linux operating system or “dir” if using Windows. The latter error is usually the result of the program not being installed properly. This tutorial recommends installing everything through the “conda” command. However, some programs can have conflicting dependencies. Therefore, even if the “conda install” command is run, the program might not install properly, leading to that error. To avoid that, a new environment can be created with “conda create -n $NAME” with $NAME being the name of the new environment and activated with “conda activate $NAME” before the install command is run so that each of the programs described below is in a different environment. To switch between environments, run “conda deactivate” and then activate the desired one as before. Moreover, some of the steps are simply impractical to run on a laptop. Namely, 1.2, 1.3, 1.5, 1.7, and 1.11 will take an inordinately large amount of time if run locally on a laptop. Therefore, if the user has access to a computer cluster, they should be run on that. Alternatively, computing power can be rented through a private company for those steps. 
As with lab protocols, contamination is once more an important consideration. Kneaddata2 is used to remove human sequences, and additional genomes can be downloaded and used from NCBI to remove potential contamination from other eukaryotes. Microbial contamination is more challenging to address. After analysis, if any of the samples are revealed to be nearly identical in composition to the negative(s), then the R package decontam should be used to remove the contaminants from the samples. However, this should only be done if there is clear evidence of contamination, as decontam can potentially remove features that are not actually the result of contamination.
	Importantly, this is just one example of a potential metatranscriptomics pipeline. The analyses and methods presented here are by no means comprehensive. Furthermore, for the sake of simplicity, it uses Qiime2’s “qiime diversity core-metrics” command, which always rarefies the data. However, many bioinformaticists dislike rarefaction as a normalization strategy due to the large amount of data discarded. The same analyses can be run through Qiime2 using a combination of several commands to avoid rarefaction, which can be found on the program’s website https://docs.qiime2.org/2020.8/ The goal of normalization is to make samples more comparable to each other. Notably, all of the functional datasets in this pipeline are normalized by the reads per kilobase method to account for the fact that longer genes would be expected to contribute more sequences. 
Contrarily, HUMAnN2’s taxonomic assignments are normalized by converting their counts to relative abundances. The combined bugs_list file can be used to created cladograms and heatmaps as described here https://github.com/biobakery/biobakery/wiki/metaphlan2#visualize-results, being equivalent to that tutorial’s “merged_abundance_table.txt” file. Because HUMAnN2 outputs microbial compositional as relative abundances, this table should not be used as input for QIIME2’s “qiime diversity core-metrics” command.
As indicated above, this pipeline does not provide an exhaustive list of all possible analyses that can be performed. Notably, though it is not described in the pipeline proper, it is possible to determine contributors to the antimicrobial resistance genes. To determine contributors for a certain antimicrobial resistance gene, NCBI’s seqkit (https://bioinf.shenwei.me/seqkit/usage/) can be used to extract the sequences that mapped to it, with that subset of sequences then being used as input for BLAST with a database containing microbe genomes, e.g. RefSeq, to identify them. See here for information about using BLAST’s “update_blastdb.pl” command to acquire databases https://www.ncbi.nlm.nih.gov/books/NBK279680/ If the resistance profile of a specific taxon of interest is desired, all sequences that hit against the MEGARes 2.0 database could be extracted and taxonomically identified. Once that is done, the sequences belonging to that taxon can be searched for in the initial BLAST results (under the qseqid column). After those AMRs are found, the taxon’s resistance profile can be visualized using a simple pie chart (Figure 3D). Still, though it does not by any means detail all possible analyses, this example pipeline can be used to investigate hydraulic fracturing’s impact on nearby streams through analyzing metatranscriptomics (RNA) data.  
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