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ABSTRACT 11 

Environmental microbiome studies rely on fast and accurate bioinformatics tools to 12 

characterize the taxonomic composition of samples based on the 16S rRNA gene. 13 

MetaGenome Rapid Annotation using Subsystem Technology (MG-RAST) and Quantitative 14 

Insights Into Microbial Ecology 2 (QIIME2) are two of the most popular tools available to 15 

perform this task. Their underlying algorithms differ in many aspects, and therefore the 16 

comparison of the pipelines provides insights into their best use and interpretation of the 17 

outcomes. Both of these bioinformatics tools are based on several specialized algorithms 18 

pipelined together, but whereas MG-RAST is a user-friendly webserver that clusters rRNA 19 

sequences based on their similarity to create Operational Taxonomic Units (OTU), QIIME2 20 

employs DADA2 in the construction of Amplicon Sequence Variants (ASV) by applying an 21 

error model that considers the abundance of each sequence and its similarity to other 22 

sequences. Taxonomic compositions obtained from the analyses of amplicon sequences of 23 

DNA from swine intestinal gut and faecal microbiota samples using MG-RAST and QIIME2 24 
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were compared at domain-, phylum-, family- and genus-levels in terms of richness, relative 25 

abundance and diversity. We found significant differences between the microbiota profiles 26 

obtained from each pipeline. At domain level, bacteria were relatively more abundant using 27 

QIIME2 than MG-RAST; at phylum level, seven taxa were identified exclusively by QIIME2; at 28 

family level, samples processed in QIIME2 showed higher evenness and richness (assessed 29 

by Shannon and Simpson indices). The genus-level compositions obtained from each 30 

pipeline were used in partial least squares-discriminant analyses (PLS-DA) to discriminate 31 

between sample collection sites (caecum, colon and faeces). The results showed that 32 

different genera were found to be significant for the models, based on the Variable 33 

Importance in Projection, e.g. when using sequencing data processed by MG-RAST, the 34 

three most important genera were Acetitomaculum, Ruminococcus and Methanosphaera, 35 

whereas when data was processed using QIIME2, these were Candidatus 36 

Methanomethylophilus, Sphaerochaeta and Anaerorhabdus. Furthermore, the application of 37 

differential filtering procedures before the PLS-DA revealed higher accuracy when using 38 

non-restricted datasets obtained from MG-RAST, whereas datasets obtained from QIIME2 39 

resulted in more accurate discrimination of sample collection sites after removing genera 40 

with low relative abundances (<1%) from the datasets. Our results highlight the differences 41 

in taxonomic compositions of samples obtained from the two separate pipelines, while 42 

underlining the impact on downstream analyses, such as biomarkers identification. 43 

 44 

Keywords: 45 
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1 Introduction 47 

The efficient and reproducible characterization of the microbial communities in a given 48 

sample (i.e. microbiota) is only as accurate as the bioinformatics tools applied to process the 49 

large rRNA amplicon sequencing datasets. Currently, the microbiota composition is widely 50 

explored using targeted 16S rRNA amplicons sequenced by a range of technologies which 51 

are fast and affordable in comparison to shotgun metagenomics (e.g. Andrade et al., 2020; 52 

Koringa et al., 2019; Li et al., 2016). Several pipelines are available to perform quality checks 53 

and taxonomic annotation: Metagenome Analyzer (MEGAN) is a computer program that 54 

uses NCBI annotation to annotate reads according to their conservation level (Huson et al., 55 

2007); MOTHUR is a pipeline that allows the user to trim, screen and align sequences and 56 

includes tools to evaluate diversity parameters, such as alpha- and beta-diversity, and 57 

visualization tools such as Venn diagrams and heat maps (Schloss et al., 2009); 58 

Metagenomics Rapid Annotation using Subsystem Technology (MG-RAST, Meyer et al. 2008) 59 

is a fully automated pipeline that employs similarity-based binning of rRNA sequences into 60 

Operational Taxonomic Units (OTUs), followed by the comparison of each OTU 61 

representative against the M5rna database, using the Blast-Like Alignment Tool (BLAT, Glass 62 

et al. 2010); Quantitative Insights into Microbial Ecology (QIIME2, Bolyen et al. 2018) is an 63 

open-source software for the analysis of microbiomes that employs the Divisive Amplicon 64 

Denoising Algorithm package (DADA2, Callahan et al. 2016) in an Amplicon Variant 65 

Sequence (ASV)-based binning of sequences.  66 

In previous studies, D’Argenio et al. (2014) and Plummer et al. (2015) compared MG-RAST to 67 

QIIME (identifying OTUs), a precursor of QIIME2 (Identifying ASVs), and both found that 68 

MG-RAST consistently reported a significantly higher number of unclassified sequences than 69 
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QIIME. However, whereas D’Argenio et al. (2014) concluded that QIIME provided more 70 

accurate results than MG-RAST, Plummer et al. (2015) concluded that the tools generated 71 

similar results. QIIME and QIIME2 are two pipelines that include external tools to perform 72 

some specific tasks, i.e. QIIME2 is not a true update of QIIME, as they substantially differ in 73 

the set of tools and algorithms they employ; e.g. whereas QIIME is an OTU-based pipeline, 74 

QIIME2 is ASV-based. Kaszubinski et al. (2019) compared MG-RAST, MOTHUR and QIIME2, 75 

based only on the phylum- and family-level compositions, after a rarefaction procedure and 76 

filtering out the OTUs with mean relative abundance lower than 1%, and suggested that 77 

QIIME2 was the most appropriate pipeline, mostly due to decreased abundance of 78 

unclassified sequences, differentially abundant taxa and increased alpha- and beta-diversity 79 

in comparison to MG-RAST and MOTHUR. Although MOTHUR is widely used to analyse 80 

community sequence data, it was not included in the present study because it has been 81 

previously found to produce the highest percentage of unclassified reads when compared to 82 

MG-RAST and QIIME, at the phylum- and family-level (Kaszubinski et al., 2019) and at the 83 

genus-level (Plummer et al., 2015) compositions. Furthermore, MOTHUR had the most false 84 

positives and lowest concordance to the microbiota taxonomic reference dataset 85 

(Kaszubinski et al., 2019). 86 

The aim of the present research was to compare the taxonomic compositions resulting from 87 

the application of the two pipelines, MG-RAST and QIIME2, when sequences are aligned 88 

against the SILVA database (Pruesse et al., 2007). These pipelines were selected for 89 

comparison because they are self-contained and have fundamentally different underlying 90 

algorithms. Both tools are among the most popular freely available software used to obtain 91 

taxonomic composition of samples from 16S rRNA amplicon sequence files provided by 92 
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Illumina procedures (i.e. raw sequence reads in fastq format), and both allow the use of the 93 

SILVA database (Quast et al., 2013) in the identification of OTUs/ASVs. Additionally, we 94 

investigated the use of microbiota profiles obtained using MG-RAST and QIIME2 in the 95 

discrimination of sample collection sites (caecum, colon and faeces), and assessed the 96 

potential consequences of using distinct tools for microbiota characterization of samples. 97 

The impact of different filtering and data cleaning processes on the microbiota composition 98 

were also evaluated. 99 

 100 

2 Materials and Methods 101 

2.1 Ethical Statement 102 

The porcine trial was conducted at the Pig Research Centre of Scotland’s Rural College 103 

(SRUC, 6 miles south of Edinburgh, UK). The experiment was approved by SRUC’s Animal 104 

Welfare and Ethical Approval Body and was conducted in accordance with the requirements 105 

of the UK Animals (Scientific Procedures) Act 1986. 106 

2.2 Bioinformatics Pipelines 107 

The 16S rRNA amplicon reads obtained from an Illumina MiSeq System (Edinburgh 108 

Genomics, UK) were analysed using two pipelines: MG-RAST (v. 4.0.3) and QIIME2 (v. 109 

2019.1). Pre-processing of samples, such as quality-based trimming and/or filtering and 110 

chimera detection and removal, were performed only if the necessary tools were provided 111 

within the pipelines because the aim of this study was to apply MG-RAST and QIIME2 as 112 

stand-alone tools from start (16S rRNA reads obtained from Illumina in fastQ files) to finish. 113 

For both tools, the SILVA reference database (SSU, release 132) was used in the taxonomic 114 

annotation of reads. 115 
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2.2.1 QIIME2 116 

2.2.1.1 Data hygiene 117 

High-throughput sequencing techniques such as the one employed in Illumina sequencers 118 

exhibit a steep, exponential increase in error rates along the read length. Illumina results 119 

include both the nucleotide sequence of the reads and a quality score (Q-score) associated 120 

to each nucleotide in each read. The QIIME2 pipeline uses the Q-scores for the quality-121 

score-based trimming and filtering procedure, by randomly selecting a subset of reads per 122 

base position and calculating a boxplot of the corresponding Q-scores. These results are 123 

then provided to the user, who makes the decision regarding trimming. Forward and 124 

reverse reads were trimmed at 153 and 157 bases, respectively. No external tool for 125 

chimera detection and removal was actively included in our protocol using either pipeline, 126 

but DADA2 (incorporated in QIIME2) defaults the action regarding chimeras to "consensus" 127 

(i.e. “Chimeras are detected in samples individually, and sequences found chimeric in a 128 

sufficient fraction of samples are removed." (QIIME2 Development Team, 2020)). In this 129 

work, we used a typical or best-practices approach to QIIME2, following official tutorials. 130 

2.2.1.2 Feature annotation 131 

QIIME2 employs DADA2 in the identification of ASVs. DADA2 is an open-source software 132 

package for modelling and correcting Illumina-sequenced amplicon errors (Callahan et al., 133 

2016). This algorithm implements a quality-aware model that works by first grouping all 134 

amplicon reads with the same sequence into unique-sequence sets, keeping record of the 135 

abundance and consensus quality profile of each of these sets. All unique-sequence sets are 136 

grouped into one single partition and the most abundant one (the one with the highest 137 

amount of copies) becomes the centre of the partition. The similarity of each unique-138 

sequence set to the centre set is calculated and the one with highest dissimilarity from the 139 
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centre set is identified to become the centre of a new partition. All unique-sequence sets 140 

are then re-distributed through the two partitions, according to their similarity to the centre 141 

sets. This process continues iteratively until the division of sequences into partitions is 142 

consistent with the error model creating ASVs (Callahan et al., 2016). DADA2 algorithm is 143 

mainly based on two criteria; the abundance of each amplicon sequence (if a sequence is 144 

highly abundant, it is most likely a product of true variation than a product of errors 145 

introduced during the sequencing procedure) and the pairwise similarity between 146 

sequences (i.e. error rates). Then, a classifier is used in the identification of each ASV. In this 147 

study, a Bayesian Naïve classifier was pre-trained on the SILVA database (“silva-132-99-515-148 

806-nb-classifier.qza”, https://docs.qiime2.org/2019.4/data-resources/) and then used for 149 

the taxonomic annotation of our samples. One table was created for each taxonomic level 150 

(Domain, Phylum, Class, Order, Family and Genus). In each table, sequences that could not 151 

be allocated to the corresponding taxonomic level (but were allocated to any higher level) 152 

were accumulated into a new category named “Unidentified”.  153 

2.2.2 MG-RAST 154 

2.2.2.1 Data hygiene 155 

Forward and reverse read files were uploaded into MG-RAST, which performs an automated 156 

quality control step based on an md5 checksum, to identify any issues with the sequencing 157 

run, such as corrupt files. No issues were detected in our files. At the same time, it provides 158 

statistical information about the reads present in each file, such as base pair count, 159 

sequence count, sequence length and GC-content. MG-RAST includes options for 160 

demultiplexing (necessary when reads from multiple samples are mixed in one file, which 161 

was not the case in our study) and joining paired-ends. In this pipeline, the pairing must be 162 

performed before any quality-based trimming and filtering of reads. MG-RAST incorporates 163 

https://docs.qiime2.org/2019.4/data-resources/
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the SolexaQA software package (Cox et al., 2010), which provides a rapid assessment of 164 

read quality for data generated using Illumina sequencing; the user can select a threshold 165 

quality for trimming (the default value is Q~13 or P=0.05). In our study, the threshold 166 

applied was Q~25, as to warrant base call accuracy not to be lower than 99.5%. Although in 167 

other pipelines (such as QIIME2) the quality-based trimming is an important procedure, with 168 

consequences for downstream analyses, in MG-RAST this is not as critical because MG-RAST 169 

offers the user the possibility of filtering data after the taxonomic annotation process, 170 

according to criteria such as the minimum identity cut-off, the minimum alignment length, 171 

the minimum abundance threshold and the maximum e-value. No procedure for chimera 172 

detection and removal are provided within MG-RAST. We did not use any external software 173 

for this purpose, because the goal was to exclusively use the tools provided in each pipeline.  174 

The quality control procedures in MG-RAST also include a screening stage that uses Bowtie 175 

(Langmead et al., 2009) to discard sequences that are near-exact matches to the host 176 

genomes of a selected organism, in our case Sus scrofa (i.e. the wild boar).  177 

2.2.2.2 Feature annotation 178 

Following the quality control, MG-RAST performs a rRNA extraction at 70% identity using 179 

VSEARCH (Rognes et al., 2016) against a 90% identity clustered reduced version of SILVA, 180 

Greengenes (DeSantis et al., 2006) and RDP (Cole et al., 2003) databases (M5RNA_90). The 181 

rRNA reads identified are then clustered at 97% of identity using cd-hit (Li and Godzik, 2006) 182 

and the longest sequence is picked as the cluster representative for comparison against the 183 

M5rna database  (non-redundant database that includes SILVA, Greengenes and RDP, Wilke 184 

et al. 2012) using the BLAST-like Alignment Tool (BLAT; Kent 2002). In this study, we opted 185 

to use the “SILVA SSU” option, which will provide the SILVA annotation of the features, 186 

based on the M5rna database. After the feature annotation, MG-RAST provides the 187 
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possibility to manipulate several parameters in real time using the user interface (UI), 188 

including the minimum identity cut-off and the minimum alignment length which were in 189 

the present study set to 80% and 100, respectively. Additionally, the user can also define the 190 

minimum abundance threshold and the maximum e-value (or expect value, i.e. the number 191 

of hits one can expect to be by chance in the used database), which were left at the default 192 

value. 193 

2.3 Data used for methodology comparison 194 

For the comparisons of MG-RAST and QIIME2, 188 samples of the gastrointestinal 195 

microbiota were obtained from 38 intact male swine, which were progeny of crosses of 196 

Hampshire boars and Large White × Landrace crossbred sows (38 samples from caecum and 197 

colon each, and 112 faecal samples). Faeces samples were collected at 3 time points (start, 198 

at the end of the second week and at the end of the fourth week). For each faecal sample, 199 

about 5g of homogenized matter was placed in 30ml universal containers (Alphalabs, UK) 200 

filled with 4 ml RNALater (Sigma-Aldrich, UK) prior to being snap frozen and stored at -80ºC. 201 

At the end of the trial, pigs were sedated and euthanized prior to dissection and tissue 202 

collection. Post-mortem, intestinal luminal contents were collected from the caecum and 203 

colon using Universal 30mL tubes, whereas mucosal cell wall samples were captured by 204 

scraping and transferred into Nunc 4.5ml cryotubes. Tubes were filled with 4 ml or 3 ml of 205 

RNALater, respectively. Total DNA was extracted from intestinal content and faeces samples 206 

following an adapted protocol of Yu and Morrison (2004) combining chemical lysis and bead 207 

beating followed by purification on column using the QIASymphony with the Qiagen Midi kit 208 

and applying the blood sample extraction method with the FIX option used to collect all the 209 

supernatant. DNA was finally eluted in 400 µl of EB (Qiagen, UK) and an aliquot of 200 µl 210 

was directly stored at -20ºC whilst a second one was retained for further analysis. The 211 
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amount of DNA extracted was quantified by Qubit fluorimetric quantitation for dsDNA 212 

(ThermoFisher, UK). An adapted protocol based on the 16S Metagenomic Sequencing 213 

Library Preparation for the Illumina MiSeq System (Illumina, UK) was applied for total DNA 214 

extracted from caecum, colon and faeces samples. The V4 region of the 16S rRNA gene was 215 

amplified specifically using primers 515F and 806R. Two 16S libraries were composed of 95 216 

and 93 amplicon samples purified on magnetic beads using the ProNex Chemistry (Promega, 217 

WI, USA) and quantified using Qubit assay prior to being pooled in two different tubes. An 218 

aliquot of 10 ng/µl in 15 µl per library was sent to Edinburgh Genomics (Scotland, UK) for 219 

Illumina sequencing using MiSeq v2 250PE and providing a yield of at least 11M + 11M reads 220 

per run, resulting in a total of 376 fasta.gz files (forward and reverse read files for each of 221 

the 188 samples).  222 

2.4 Statistical analyses 223 

The relative abundances of each group at domain level, of unclassified and unidentified 224 

sequences at phylum-level and at genus-level were calculated from the taxonomic 225 

composition reported by MG-RAST and QIIME2 and compared using two-sided paired t-226 

tests, considering the different variances of the samples. 227 

In the domain-level analysis and in all analyses pertaining to the percentage of unclassified 228 

and unidentified data, all reported groups were considered, including the sequences 229 

classified as Eukaryota and/or viruses. However, for the phylum-, family- and genus-level 230 

analyses, these groups were removed from the databases. To account for multiple testing, 231 

presented P-values were adjusted by applying the Bonferroni correction. 232 

Venn diagrams were used to identify taxa reported exclusively by either QIIME2 or MG-RAST 233 

and by both, and were applied to the phyla-, family- and genus-level tables (Oliveros, 2007).  234 
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Principal Component Analysis (PCA) and plots were produced using devtools (Hadley et al., 235 

2019) and ggbiplot (Vu, 2011) packages in R Studio (v. 1.1.453). PCA was carried out using 236 

the relative abundances of the 56 families reported by both MG-RAST and QIIME2, after 237 

removing four outliers (corresponding to two samples whose taxonomic compositions 238 

generated by either pipeline diverged from the mean by more than 4 standard deviations). 239 

Additionally, the family compositions obtained from MG-RAST and QIIME2 were compared 240 

in a permutation multivariate analysis of variance (PERMANOVA), using a Bray-Curtis 241 

distances matrix (Anderson, 2001; Mcardle and Anderson, 2001). This analysis was carried 242 

out using the adonis() function of the vegan package (Oksanen et al., 2019) in R Studio (v. 243 

1.1.453). 244 

The correlation of the absolute counts of each genus identified by both pipelines was 245 

calculated, and significance was assessed through Bonferroni adjusted P-value (P-value < 246 

0.05 means significant correlation). 247 

Partial Least Squares Discriminant Analyses (PLS-DA), calculated with the ‘mixOmics’ 248 

package (Cao et al., 2020) in R Studio (v. 1.1.453), was used to address differences in the 249 

microbiota profiles of 114 samples collected from different body sites (caecum, colon and 250 

faeces) at the end of the trial. These analyses were performed (in relative abundances) after 251 

subjecting the genus-level datasets generated by MG-RAST and QIIME2 to four different 252 

filtering procedures: data scenario A included all genera reported by each pipeline; data 253 

scenario B included genera reported by each pipeline with average relative abundance 254 

greater than 1%; data scenario C included genera identified by both pipelines; data scenario 255 

D included all taxa identified by both pipelines with a minimum average relative abundance 256 

of 1% (Table 1). Relative abundances were calculated within each data scenario. Considering 257 
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the compositional nature of microbiota datasets, further PLS-DA analyses were performed 258 

on data scenarios A and B using the MG-RAST and QIIME2 datasets transformed by the 259 

additive logratio methodology (Greenacre, 2018). The denominators (Acidaminococcus in 260 

MGRAST and Subdoligranulum in QIIME2) were identified based on their high prevalence, 261 

low variance, and high Procrustes correlations with the full log-ratio space. 262 

Table 1 263 
Filtering criteria applied to genus-level compositions to create 4 data scenarios for comparisons. 264 

  Criterion: Minimum average relative abundance ≥ 1% 

  Not applied Applied 

C
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te
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en

er
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id
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ed
 

in
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bo

th
 p

ip
el

in
es

 

Ei
th
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Data Scenario A Data Scenario B 

MG-RAST: 225 genera MG-RAST: 14 genera 

QIIME2: 159 genera QIIME2: 22 genera 

B
o

th
 

Data Scenario C Data Scenario D 

86 genera 10 genera 

 265 

The co-abundances of microbial taxa in each of the data scenarios were explored in 266 

networks analyses using Graphia Professional software (Kajeka Ltd, Edinburgh; Freeman et 267 

al. 2007), in which nodes represent samples and edges represent a correlation value above 268 

R=0.95. Clustering was performed using the Markov clustering method (MCL) available in 269 

Graphia Professional using the default settings (inflation, pre-inflation, and scheme values of 270 

6). Each cluster was evaluated for enrichment of samples according to their collection sites 271 

(caecum, colon and faeces) and pipeline (MG-RAST and QIIME2), whereby enrichment 272 

significance was identified at P-value < 0.05. 273 

2.4.1 Diversity measures 274 

Several diversity measurements were used to compare the family composition of the 275 

samples as obtained from MG-RAST and QIIME2 pipelines.  276 
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2.4.1.1 Alpha-diversity 277 

Observed richness and gamma-diversity (𝑆𝑜𝑏𝑠 and γ, respectively) are both richness 278 

measurements. 𝑆𝑜𝑏𝑠 corresponds to the number of different taxa in each individual sample. 279 

For a group of samples, 𝑆𝑜𝑏𝑠 corresponds to the average number of taxa per sample, 280 

whereas γ corresponds to the total number of different taxa in a collection of samples. 281 

The 𝐶ℎ𝑎𝑜1 index (Chao, 1987) refers to the richness estimated for each sample (including 282 

all taxa measured by 𝑆𝑜𝑏𝑠 and taxa that were presumably not sampled). The Chao1 index 283 

was calculated using the fossil package (Vavrek, 2015) in R Studio (v. 1.1.453). 284 

Shannon and Simpson indices (H’ and D’, respectively) are abundance-based measures of 285 

diversity. The results presented here refer to the adjusted Shannon and adjusted Simpson 286 

indices (H’adj and D’adj, respectively), which correspond to the ratios of H’ and D’ by the 287 

maximum H’ and maximum D’ possible, respectively (Veech, 2017). Note that H’, H’adj, D’ 288 

and D’adj increase with diversity (Veech, 2017). 289 

2.4.1.2 Beta-diversity 290 

Multiple beta-diversity measures can be used to infer diversity between samples.  291 

The additive and multiplicative partitioning of the gamma-diversity are the most direct ways 292 

of calculating beta-diversity; beta-additive (𝛽𝐴) corresponds to the taxa richness typically 293 

absent from a randomly selected sample whereas beta-multiplicative (𝛽𝑀) refers to the 294 

number of unique samples (i.e. with no taxa in common with any other sample) 295 

theoretically found in a group of samples.  296 
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The Bray-Curtis index (𝐶𝐵𝐶) makes use of abundance data to calculate diversity between 297 

samples in a pairwise manner,  which results in a vector of distances to every other sample; 298 

the average value corresponds to the 𝐶𝐵𝐶  presented.  299 

𝛽𝐴, 𝛽𝑀 and 𝐶𝐵𝐶  were used here to address dissimilarity of samples within their originating 300 

pipeline (Veech, 2017). 301 

 302 

3 Results 303 

3.1 Domain 304 

The taxonomic composition of 188 samples computed in MG-RAST and QIIME2 resulted in 305 

totals of 20,760,260 and 14,576,856 hits, respectively (Table 2). The average relative 306 

abundances of Archaea were non-significantly different, at 0.47±0.88% and 0.42±0.57% 307 

using MG-RAST and QIIME2, respectively, whereas the differences in relative abundances of 308 

Unclassified, Bacteria and Eukaryota were significant (Table 2). The main reason for these 309 

differences was the misclassification of 16S rRNA amplicon sequences into Eukaryota and 310 

Viruses, and a relatively higher percentage of unclassified sequences in MG-RAST. 311 

Table 2 312 
Mean relative abundances (%) of each domain as reported by MG-RAST and QIIME2 pipelines. This table summarises the 
total number of sequences identified, the averages and standard deviations of the relative abundances of each domain and 
whether significant differences occur depending on the used pipeline.  

Taxonomic level 
Pipeline 

P-value 
MG-RAST QIIME2 

Archaea 0.47 ± 0.88 0.42 ± 0.57 0.1681 

Bacteria 96.02 ± 5.64 99.57 ± 0.57 2.20E-16 

Eukaryota 3.36 ± 5.20 3.77E-04 ± 1.91E-03 5.73E-16 

Viruses 2.94E-05 ± 2.46E-04 - - 

Unclassified 0.15 ± 0.48 5.24E-03 ± 1.56E-02 5.85E-05 

A:B ratio 5.19E-03 ± 1.01E-02 4.28E-03 ± 0.06 0.0202 

Total sequences 20,760,260 14,576,856 - 

A:B ratio indicates Archaea:Bacteria ratio. P-values were obtained from two-sided paired t-tests, assuming different 
variances. 

 313 
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The Archaea:Bacteria ratio of each sample was calculated using absolute counts of hits 314 

obtained from each pipeline, and then compared in a two-sided paired t-test, which 315 

revealed a significant difference between the pipelines, resulting mostly from the 316 

differential abundance of bacteria. 317 

3.2 Phylum 318 

The relative abundances of unclassified and unidentified sequences were significantly higher 319 

in the phylum-level composition of samples obtained from MG-RAST than those from 320 

QIIME2 (0.017% and 3.483%, respectively, P-value<0.001). All 15 phyla reported by MG-321 

RAST were also identified by QIIME2, whereas 7 were exclusively identified by QIIME2 (Fig. 322 

1). The overall abundances of the 15 phyla found in common between both pipelines 323 

accounted for 100% and 98.8% of the QIIME2 and MG-RAST total hits, respectively, 324 

indicating that taxa identified exclusively by QIIME2 only accounted for a small part of the 325 

overall microbiota. Despite this, some of the phyla exclusively reported by QIIME2 had 326 

higher average relative abundance (over all animals) than phyla identified by both pipelines, 327 

e.g. Euryarchaeota was identified by both pipelines and accounted for 0.4% of QIIME2 hits, 328 

whereas Kiritimatiellaeota, exclusively identified by QIIME2, accounted for 0.7%.  329 
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 330 

Fig.  1. Commonly and differently identified phyla reported by MG-RAST and QIIME2. The numbers in brackets represent 
percentage of taxa in each area. The 15 phyla shared by the pipelines correspond to (a) 100% of the sequence hits reported 
by MG-RAST and (b) 98.8% of the sequence hits reported by QIIME2.  

The relative abundances of 13 of the 15 phyla were shown to be significantly different 331 

between the pipelines (P-value<0.05, Table 3). 332 

Table 3 333 
Differences between the relative abundances of the phyla identified by MG-RAST and QIIME2 pipelines. ‘Mean of 
differences’ refers to the average difference between relative abundances reported by the pipelines and the ‘P-value 
Bonferroni’ indicates the significance of those differences. These relative abundances were calculated considering only the 
taxa obtained with both pipelines, in order to allow for a balanced comparison.  

Phylum 
Average relative abundances (%) Mean of 

differences 
P-value 
Bonferroni 

MG-RAST QIIME2 

Firmicutes 62.37 ± 6.29 47.98 ± 6.47 14.4 ± 4.99 1.34E-91 
Bacteroidetes 35.32 ± 7.03 

0 
41.88 ± 5.96 6.79 ± 4.06 3.17E-48 

Actinobacteria 1.23 ± 0.97 2.40 ± 0.89 1.23 ± 0.5 3.63E-61 
Euryarchaeota 0.53 ± 1.01 0.43 ± 0.59 0.2 ± 0.5 0.038481 
Proteobacteria 0.51 ± 0.53 2.98 ± 1.86 2.47 ± 1.89 2.2E-41 
Tenericutes 1.27E-02 ± 3.48E-02 0.87 ± 0.55 0.86 ± 0.54 1.44E-51 
Spirochaetes 1.05E-02 ± 7.43E-02 1.68 ± 2.50 1.67 ± 2.47 3.35E-16 
Fusobacteria 9.28E-03 ± 7.04E-02 5.88E-03 ± 4.14E-02 0.004 ± 0.03 0.118873ns 
Fibrobacteres 3.92E-03 ± 2.19E-02 0.25 ± 0.38 0.25 ± 0.38 1.56E-15 
Chlamydiae 7.91E-04 ± 2.45E-03 6.10E-04 ± 2.73E-03 0.0005 ± 

0.001 
0.118873ns 

Lentisphaerae 6.94E-04 ± 4.93E-03 0.13 ± 0.17 0.13 ± 0.17 4.44E-19 
Cyanobacteria 1.84E-04 ± 1.07E-03 1.34 ± 1.11 1.34 ± 1.11 1.07E-37 
Synergistetes 2.13E-05 ± 2.92E-04 1.30E-02 ± 1.34E-02 0.01 ± 0.01 9.43E-28 
Verrucomicrobia 1.35E-05 ± 1.31E-04 4.90E-03 ± 7.39E-03 0.005 ± 0.01 1.06E-15 
Elusimicrobia 7.96E-06 ± 7.77E-05 3.74E-02 ± 6.74E-02 0.04 ± 0.07 5.1E-12 

ns indicates non-significant differences (p≥0.05). P-values were obtained from two-sided paired t-tests assuming different 
variances and corrected by the Bonferroni method.  
 

The highly abundant taxa showed differences in relative abundances as result of the 334 

pipeline used, e.g. Firmicutes was significantly more abundant using MG-RAST (62.3%) than 335 
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QIIME2 (48.0%), and Bacteroidetes was significantly more abundant using QIIME2 (35.3%), 336 

than MG-RAST (41.9%). 337 

 

 338 

Fig.  2. Log-transformed relative abundances of the 22 phyla obtained using MG-RAST and/or QIIME2. Note that shorter 
bars correspond to higher abundances. 

 339 

To highlight the differences in taxa with lower abundances, the logarithms of the relative 340 

abundances were used in a mirrored bar chart (Fig. 2) in which the longer bars correspond 341 

to less abundant taxa e.g. SAR in QIIME2 and Elusimicrobia in MG-RAST.  342 

The analyses of the phyla prevalence in the samples revealed that Actinobacteria, 343 

Bacteroidetes, Firmicutes and Proteobacteria were identified in all samples, independently 344 

of the pipeline used (Table 4). Additionally, Cyanobacteria and Tenericutes were present in 345 

all compositions reported by QIIME2, but only in 5% and 53% when applying MG-RAST, 346 

respectively. Six out of 15 phyla and 17 out of 22 phyla were detected in at least half of the 347 

samples by MG-RAST and QIIME2, respectively, and these summed up to average relative 348 

abundances of 99.97% and 99.95%, respectively. Although seven phyla were exclusively 349 

reported by QIIME2, five of these were present in at least 50% of the samples.  350 
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Table 4  351 
Prevalence of each phylum in 188 samples. 352 

Phyla Prevalence in QIIME2 (%) Prevalence in MG-RAST (%) 

Actinobacteria 100 100 

Bacteroidetes 100 100 

Cyanobacteria 100 4.79 

Firmicutes 100 100 

Proteobacteria 100 100 

Tenericutes 100 53.19 

Spirochaetes 98.94 23.40 

Fibrobacteres 93.09 4.26 

Euryarchaeota 86.17 95.21 

Lentisphaerae 76.60 5.32 

Synergistetes 75.53 0.53 

Elusimicrobia 52.66 1.06 

Verrucomicrobia 42.02 1.06 

Fusobacteria 19.15 35.11 

Chlamydiae 7.45 24.47 

Epsilonbacteraeota 98.94 n/a 

Patescibacteria 86.70 n/a 

Kiritimatiellaeota 82.98 n/a 

Planctomycetes 65.43 n/a 

Deferribacteres 50.53 n/a 

WPS-2 41.49 n/a 

SAR 2.13 n/a 

n/a indicates non-applicable, these phyla were identified exclusively by QIIME2. 353 

3.3 Family 354 

The family-level composition of samples obtained from the different pipelines (after 355 

removal of unclassified, unidentified and Eukaryote groups) was investigated in a Venn 356 

diagram (Fig. 3). A large number of taxa were found to be exclusively identified by one of 357 

the pipelines: 47 and 25 for MG-RAST and QIIME2, respectively.  358 

 359 
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 360 

Fig.  3. Commonly and differently identified families using MG-RAST and QIIME2. The numbers in brackets represent the 
proportion of families in each area. A total of 56 families were reported by both pipelines and enclosed (a) 99.95% of the 
sequence hits in MG-RAST and (b) 89.67% of the sequence hits in QIIME2. 

The 10 most abundant families from each pipeline were ranked by decreasing average 361 

relative abundance in Table 5. Prevotellaceae and Ruminococcaceae were the 1st and 2nd 362 

most abundant taxa in both pipelines. An additional five taxa (Veillonellaceae, 363 

Clostridiaceae, Lachnospiraceae, Erysipelotrichaceae and Lactobacillaceae) were in the top 364 

10 most abundant taxa of both pipelines, although not in the same rank e.g. Veillonellaceae 365 

was the 3rd most abundant in MG-RAST but only the 5th in QIIME2. Eubacteriaceae, 366 

Acidaminococcaceae and Coriobacteriaceae were among the 10 most abundant families as 367 

reported by MG-RAST, but were identified at lower abundances by QIIME2. Among the 10 368 

most abundant families identified by QIIME2, Muribaculaceae was not detected by MG-369 

RAST, and both Peptostreptococcaceae and Rikenellaceae were identified, but at lower 370 

relative abundances. 371 
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Table 5 372 
The 10 most abundant families reported by each pipeline and corresponding overall samples average relative abundances.  

MG-RAST  QIIME2 

Rank Family 
Average Relative 
Abundance (%)  Rank Family 

Average Relative 
Abundance (%) 

1 Prevotellaceaea 36.54 ± 1.74E-01  1 Prevotellaceaea 33.40 ± 9.21 

2 Ruminococcaceaea 15.91±1.85E-02  2 Ruminococcaceaea 15.81 ± 3.85 

3 Veillonellaceaeb 10.83± 1.80E-04   3 Lachnospiraceaeb 10.82 ± 2.53 

4 Clostridiaceaeb 9.11±7.48E-03   4 Muribaculaceae 6.84 ± 4.35 

5 Eubacteriaceae 6.41± 1.86E-04   5 Veillonellaceaeb 6.31 ± 3.20 

6 Lachnospiraceaeb 5.04± 5.79E-04   6 Erysipelotrichaceaeb 5.35 ± 1.85 

7 Erysipelotrichaceaeb 4.98± 4.13E-02   7 Lactobacillaceaeb 3.39 ± 3.84 

8 Lactobacillaceaeb 4.66± 2.57   8 Clostridiaceaeb 2.48 ± 4.40 

9 Acidaminococcaceae 3.84± 1.32E-03   9 Peptostreptococcaceae 1.84 ± 3.86 

10 Coriobacteriaceae 1.01± 1.15E-04   10 Rikenellaceae 1.83 ± 1.12 
a indicates families that ranked the same for both pipelines. b indicates families in the top 10 most abundant that ranked 
differently for each pipeline. 

 373 

3.3.1 Taxonomic diversity 374 

The taxonomic diversity was assessed and compared using different indices (Table 6). The 375 

family compositions of each sample obtained from QIIME2 showed on average greater 376 

richness than their MG-RAST counterparts (𝑆𝑜𝑏𝑠 = 38.95 and 30, respectively). In contrast, 377 

sample compositions obtained from QIIME2 had lower overall richness than MG-RAST (γ = 378 

81 and 103, respectively). 𝐶ℎ𝑎𝑜1 (which takes into account both the observed and 379 

unobserved richness of samples) were significantly lower when samples were characterized 380 

using MG-RAST. However, there was a large difference between 𝐶ℎ𝑎𝑜1 and 𝑆𝑜𝑏𝑠 when using 381 

MG-RAST, indicating a higher estimated number of unsampled families. In contrast, 𝐶ℎ𝑎𝑜1 382 

estimated for samples compositions obtained from QIIME2 had the same values as 𝑆𝑜𝑏𝑠.  383 

This could lead to the conclusion that QIIME2 provided us the absolutely complete 384 

characterization of the targeted environments (caecum, colon and faeces), i.e. not one 385 

family that exists in the sampled environments has been left unsampled, which is virtually 386 

impossible. Instead, this is because DADA2 (incorporated in QIIME2) does not call 387 
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singletons, due to the difficulty in robustly distinguishing real singletons from singleton 388 

errors (Callahan et al., 2016).  389 

The adjusted Shannon and Simpson indices showed that samples had, on average, 390 

significantly lower evenness and higher dominance (as indicated by lower H'adj and lower 391 

D’adj) when the taxonomic compositions were obtained from MG-RAST. Dissimilarity 392 

between samples was assessed through beta partitioning and Bray–Curtis dissimilarity 393 

index. The 𝛽𝐴 was higher when MG-RAST was applied, indicating that the composition of 394 

each sample was more similar to the average composition of the collection of samples when 395 

these were processed in QIIME2. The 𝛽𝑀 was also higher when using MG-RAST in 396 

comparison to QIIME2, suggesting that microbiota profiles obtained from the latter pipeline 397 

were more similar to each other than those obtained from the former pipeline. Similarly, 398 

𝐶𝐵𝐶  was significantly higher in MG-RAST than in QIIME2, indicating that family-level 399 

composition of samples obtained from MG-RAST were more dissimilar between themselves 400 

than when using QIIME2; 𝐶𝐵𝐶  differs from beta partitioning measures because it is 401 

calculated as the average of pairwise differences, rather than as a collective group. 402 

Table 6 403 
Richness, alpha-, beta- and gamma-diversity at family level. 

 Diversity measure MG-RAST QIIME2 P-value 

Sobs 30 38.95 n/a 

γ 103 81 n/a 

Chao1 37.06 38.95 0.0275 

H'adj 0.56 ± 0.05 0.60 ± 0.05 1.49E-64 

D'adj 0.81 ± 0.06 0.84 ± 0.05 2.72E-16 

βA 73 42.05 n/a 

βM 3.43 2.08 n/a 

CBC 0.35 ± 0.1 0.31 ± 0.08 6.05E-21 

Observed richness, Sobs, refers to the average richness of each sample; Gamma, γ, refers to richness of all 188 samples; 

Chao1 refers to the average estimated number of families; H'adj and D' adj refer to the adjusted Shannon and the Simpson 
indices, respectively; βA and βM refer to the additive and multiplicative beta-diversity partitioning, respectively; CBC refers to 
the Bray-Curtis index. n/a indicates non-applicable. P-values were obtained from two-sided paired t-tests assuming 
different variances. 
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 404 

Fig.  4. Principal Components Analysis (PCA) of the relative abundances of the 56 families retrieved from both MG-RAST 
and QIIME2 (red and blue, respectively). 

The PCA plot in Fig. 4 showed that the microbiota profiles (including the 56 families 405 

detected by both MG-RAST and QIIME2) formed different clusters, depending on the 406 

pipeline from which they were obtained. Additionally, PERMANOVA analysis showed 407 

significant differences (P-value < 0.01) in the microbiota communities, with higher relative 408 

abundances of Eubacteriaceae, Clostridiaceae, Veillonellaceae and Acidaminococcaceae 409 

when using MG-RAST and higher relative abundances of Succinivibrionaceae, 410 

Peptostreptococcaceae, Ruminococcaceae, Rikenellaceae and Lachnospiraceae in results 411 

obtained from QIIME2. 412 

 413 

3.4 Genus 414 
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 415 

Fig.  5. Commonly and differently identified genera using MG-RAST and QIIME2. The numbers in brackets represent the 
proportion of in each area. Ninety seven genera were identified by both pipelines and they correspond to (a) 92.58% of the 
sequence hits reported by MG-RAST and (b) 79.69% of the sequence hits reported by QIIME2.  

 416 

The similarity of genus-level composition of samples between the use of MG-RAST and 417 

QIIME2 was explored in the Venn diagram in Fig. 5. Forty eight of the 97 genera detected by 418 

both MG-RAST and QIIME2 were reported with significantly different relative abundances 419 

(Table S1). Furthermore, for 67 of these 97 genera, the relative abundances obtained from 420 

the different pipelines were significantly correlated, including 36 genera with correlations 421 

equal to or higher than 0.8. 422 

The genus-level compositions of the 114 samples collected at the end of the trial from the 423 

caecum, colon and faeces (N=38 each collection site) were used in PLS-DA analyses to 424 

discriminate microbiota communities based on their collection sites, and compare results 425 

obtained using different pipelines. These comparisons were based on different data 426 

scenarios (described in detail in Table 1). 427 

The explanatory variables included in PLS-DA models are evaluated based on their Variable 428 

Importance in Projection (VIP) values (Lima et al., 2019; Mao et al., 2016; Martínez-Álvaro et 429 
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al., 2020; Roehe et al., 2016), which represent the significance of each variable to 430 

discriminate between sample types (caecum, colon and faeces). Using data scenarios A (all 431 

genera reported by each pipeline) and C (only genera identified by both pipelines), MG-RAST 432 

had higher R2 value for discriminating between sample collection sites than QIIME2 (A: 433 

77.19% and 74.56%; C: 73.68% and 68.42%, respectively). In contrast, for data scenarios B 434 

and D (same criteria as used for data scenarios A and C, respectively, but additional 435 

exclusion of genera with average relative abundance < 1%), the genera obtained from MG-436 

RAST resulted in lower R2 than those obtained from QIIME2 (B: 61.40% and 72.81%; D: 437 

58.77% and 62.28%, respectively; Table 7).  438 
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Table 7 439 
Confusion matrix for Partial Least Squares-Discriminant Analyses (PLS-DA) calculated using 114 samples collected from 
different body sites. PLS-DA were performed to discriminate between sample types, using 4 data scenarios, which 
included: (A) all genera reported by MG-RAST and QIIME2 (225 and 159, respectively); (B) the genera with relative 
abundance ≥ 1% reported by MG-RAST and QIIME2 (22 and 14, respectively); (C) the 86 genera identified by both pipelines 
and (D) the 10 genera with relative abundance ≥ 1% identified by both pipelines. 

MG-RAST 

Data 
scenario 

Predicted 

Observed  Correctly assigned (%) 

Caecum 
(N=38) 

Colon 
(N=38) 

Faeces 
(N=38) 

Subtotal 
per  
collection site 

per  
data scenario 

 Caecum 20 4 0 24 52.63  

A Colon 17 34 4 55 89.47 77.19 

  

Faeces 1 0 34 35 89.47   

 

Caecum 27 18 3 48 71.05  

B Colon 8 12 4 24 31.58 61.40 

  Faeces 3 8 31 42 81.58   

 Caecum 22 3 0 25 57.89  

C Colon 14 33 9 56 86.84 73.68 

  Faeces 2 2 29 33 76.32   

 Caecum 24 17 2 43 63.16  

D Colon 13 14 7 34 36.84 58.77 

  

Faeces 1 7 29 37 76.32   

QIIME2 

Data 
scenario 

Predicted 

Observed  Correctly assigned (%) 

Caecum 
(N=38) 

Colon 
(N=38) 

Faeces 
(N=38) 

Subtotal 
per  
collection site 

per  
data scenario 

  Caecum 26 10 0 36 68.42   

A Colon 11 24 3 38 63.16 74.56 

  Faeces 1 4 35 40 92.11   

 Caecum 30 14 0 44 78.95  

B Colon 6 21 6 33 55.26 72.81 

 Faeces 2 3 32 37 84.21  

  Caecum 27 17 0 44 71.05   

C Colon 10 19 6 35 50.00 68.42 

  Faeces 1 2 32 35 84.21   

  Caecum 28 18 2 48 73.68   

D Colon 8 11 4 23 28.95 62.28 

  

Faeces 2 9 32 43 84.21   

 440 

Although the number of genera resulting in VIP>1 differed, their proportion in relation to 441 

the total number of genera was very similar (Table 8). Specifically, using data scenario A, the 442 

number of genera with VIP>1 was higher when using genera compositions obtained from 443 
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MG-RAST than those from QIIME2 (62 and 43, respectively). However, it corresponded to 444 

very similar proportions of genera considered in the models (28% and 27%). The analysis of 445 

data scenario B, revealed that 4 and 8 genera (29% and 36% of the genera considered in the 446 

model) resulted in VIP>1 using MG-RAST and QIIME2, respectively. Corresponding results 447 

using scenario C were 24 and 22 genera (28% and 26%) when using genera compositions 448 

obtained from MG-RAST and QIIME2, respectively. In scenario D, both pipelines resulted in 3 449 

genera (30%) with VIP>1: Ruminococcus, Blautia and Faecalibacterium, whereas 450 

Phascolarctobacterium and Lactobacillus had the lowest VIP values in both pipelines (Table 451 

9).  452 

Table 8 453 
Number and percentage of variables with variable importance in projection (VIP) greater than 1. 

Data 
scenario 

Total explanatory variables 
imputed 

Explanatory variables with VIP > 1 (number and 
percentage) 

MG-RAST QIIME2 MG-RAST (%) QIIME2 (%) 

A 225 159 62 27.56 43 27.04 

B 14 22 4 28.57 8 36.36 

C 86 86 24 27.91 22 25.58 

D 10 10 3 30.00 3 30.00 

 454 

 455 

 456 

Fig.  6. Common and different genera with VIP>1 as obtained from PLS-DA using data scenarios A, B and C. 

 457 

The most significant variables (VIP>1) obtained from the PLS-DA analyses of the datasets 458 

obtained from MG-RAST and QIIME2 were not concordant (Fig. 6). These results suggest 459 
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that the genera discriminating between sample types (caecum, colon and faeces) differ 460 

according to the pipeline applied for taxonomic annotation. 461 

Table 9 462 
Genus Variable Importance in Projection (VIP) calculated by Partial Least Squares – Discriminant Analysis including 463 
variables with average relative abundance superior to 1% identified by MG-RAST and QIIME2 (data scenario D). 464 

MG-RAST Average relative abundance (%) 
VIP 

Genus Caecum Colon Faeces 

Ruminococcusa 3.22 3.76 5.78 1.74 

Blautia 1.84 2.02 3.23 1.32 

Faecalibacterium 17.47 19.20 13.10 1.25 

Megasphaera 2.65 3.05 2.91 0.89 

Clostridium 13.28 8.24 15.80 0.84 

Prevotella 49.62 50.64 45.10 0.81 

Dialister 3.82 3.95 2.95 0.75 

Catenibacterium 1.76 2.08 2.33 0.66 

Phascolarctobacteriuma 1.91 2.06 2.44 0.61 

Lactobacillusa 4.42 4.98 6.36 0.39 

    
 

QIIME2 Average relative abundance (%) 
VIP 

Genus Caecum Colon Faeces 

Ruminococcusa 2.31 2.33 4.31 1.79 

Faecalibacterium 9.48 8.96 5.18 1.53 

Blautia 2.84 3.29 4.08 1.16 

Dialister 5.94 5.36 4.17 0.94 

Catenibacterium 3.89 3.47 3.82 0.72 

Megasphaera 3.35 3.24 3.43 0.71 

Clostridium 6.11 6.90 8.97 0.61 

Prevotella 57.00 56.98 53.59 0.60 

Phascolarctobacteriuma 2.74 2.27 3.11 0.52 

Lactobacillusa 6.33 7.21 9.34 0.47 
a indicates genus with the same VIP rank between the 2 pipelines.  465 

 466 

  467 
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 468 

Fig.  7. Co-abundance networks and corresponding enrichment heat maps for samples based on data scenarios A (all taxa 
reported by each pipeline), B (all taxa reported by each pipeline with average relative abundance ≥ 1%), C (all taxa 
reported by both pipelines) and D (all taxa reported by both pipelines with average relative abundance ≥ 1%). Enrichment 
significance for each network is indicated by the heat maps (colour code can be found at the bottom of the figure). Nodes 
represent samples and edges correspond to correlations ≥ 0.95. CL. indicates cluster. Coloured names indicate clusters 
enrichment for the pipeline/sample collection sites. 

 469 
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Co-abundance network analyses were carried out using the taxonomic compositions of the 470 

samples as described for the different filtering scenarios (Table 1, Fig. 7). For scenarios A, B 471 

and C we found significant enrichments of the clusters according to the pipeline from which 472 

the taxonomic compositions were generated (e.g. clusters 1 were consistently enriched in 473 

compositions from MG-RAST, whereas clusters 2 and 3 were consistently enriched in those 474 

obtained from QIIME2). However, using data scenario D, enrichments were observed to be 475 

related to the sample collection sites (e.g. cluster 1 was enriched in colon samples, clusters 476 

3 and 5 were enriched in faeces samples and cluster 4 was enriched in caecum samples), 477 

whereas no significant enrichment of the pipelines was observed (i.e. samples collected 478 

from the same sites clustered together independently of the pipeline in which they were 479 

processed). These results concur with the PCA plots in Fig. 8, where, for data scenario C, the 480 

clear separation between samples is consistent with the pipeline employed, whereas for 481 

scenario D no distinct clusters were observed. 482 

 483 

Fig.  8. Principal Components Analysis (PCA) plots for data scenarios C (86 genera taxa reported by both pipelines and 
corresponding relative abundances) and D (10 genera reported by both pipelines with a minimum average relative 
abundance of 1%).  

 484 

4 Discussion 485 
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Bioinformatics tools such as MG-RAST and QIIME2 are crucial for the characterization of 486 

environmental microbiota based on the 16S rRNA amplicon sequences retrieved from 487 

samples such as those from the swine gut content. We compared MG-RAST and QIIME2 488 

because they are both self-contained pipelines that have been widely used for the 489 

identification of microbial communities from 16S rRNA amplicon sequences. Our research 490 

highlights differences in microbiota profiles retrieved from these tools on domain-, phylum-, 491 

family- and genus-level taxonomic compositions, while considering several data filtering 492 

procedures with focus on genus-level. 493 

MG-RAST is an automated web-based tool that associates a priority level to the submitted 494 

project depending on its privacy parameters, which are defined by the user (priority level 495 

increases with decreased privacy settings). The duration of the analyses depends on the size 496 

of the submitted dataset, on the number of projects submitted to the MG-RAST server at 497 

the time of submission and on the server’s characteristics. After the feature annotation, 498 

MG-RAST allows the user to alter data cleaning parameters maximum e-value, minimum 499 

percent similarity, minimum length of alignment and minimum abundance. This constitutes 500 

a major advantage for MG-RAST, as it provides the user the possibility of, in a manner of 501 

minutes, obtaining several versions of the calculated taxonomic tables. Due to the fact that 502 

the taxonomic annotations are saved in the server indefinitely, this process is feasible, fast 503 

and extremely practical, particularly because there is no gold standard when it comes to 504 

these parameters, so at any time during the analysis, the user is free to go back and test 505 

more appropriate parameters potentially generating more accurate results (Randle-Boggis 506 

et al., 2016). 507 
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QIIME2 is an installable set of dependencies that can be used for analysis as soon as the 508 

installation is finished. The analysis run time will depend on the size of the submitted 509 

dataset as in the case of MG-RAST, but also on the computer’s characteristics and the user’s 510 

bioinformatics skills. Unlike MG-RAST, QIIME2 does not provide inherent data hosting and 511 

sharing capabilities, placing the onus on the bioinformatician to disseminate the resulting 512 

(often large) files. QIIME2 does however provide web interfaces allowing users to examine 513 

QIIME2 output files without the need for installed software. Furthermore, in QIIME2, if the 514 

user desires to tune parameters such as minimum alignment length or e-value, an analysis 515 

will need to be performed from scratch, unless the intermediate files (which again can be 516 

large) are maintained by the user. To aid with rerunning microbiome analysis from 517 

intermediate files, output artefacts produced by QIIME2 contain a record of their prior 518 

processing steps (i.e. their 'provenance'). However, modifying microbiome analysis can still 519 

be cumbersome in comparison with the ease of MG-RAST. 520 

4.1 Phylum- and family-level analyses 521 

The percentage of unclassified and unidentified sequences on the phylum-level analyses 522 

was significantly higher in taxonomic compositions obtained from MG-RAST, in agreement 523 

with results of phylum-level analysis in Plummer et al. (2015), and family-level analysis in 524 

D’Argenio et al. (2014), although both these studies compared MG-RAST to QIIME, rather 525 

than to QIIME2. However, whereas D’Argenio et al. (2014) and Plummer et al. (2015) did not 526 

find statistically significant differences between family- and phylum-level relative 527 

abundances, respectively, 13 out of 15 phyla detected by both tools in this study had 528 

significantly different relative abundances. Additionally, at family-level, D’Argenio et al. 529 

(2014) did not find significantly different microbiota diversity (evaluated using Shannon 530 
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index) resulting from MG-RAST and QIIME, whereas we observed QIIME2 to provide, on 531 

average, a significantly more even composition than MG-RAST. 532 

Seven phyla were identified exclusively by QIIME2 but not by MG-RAST, and five of them 533 

were prevalent in more than half of the samples. Of this group, Epsilonbacteraeota, 534 

Planctomycetes, Deferribacteres and WPS-2 have previously been identified in microbiota 535 

sampled from the swine gastro-intestinal tract (Burrough et al., 2015; Gresse et al., 2019; 536 

Han et al., 2018; Tan et al., 2019); but to the best of our knowledge, Patescibacteria, 537 

Kiritimatiellaeota and SAR have not. The identification of SAR could be interpreted as a false 538 

positive, mostly because of its low overall prevalence of 2% (corresponding to 4 of 112 539 

faecal samples), and low relative abundance of 0.01% (calculated within the 4 samples). 540 

Patescibacteria and Kiritimatiellaeota were detected in more than 80% of the samples, with 541 

relative abundances of 0.12% and 0.81%, respectively. Although the presence of these phyla 542 

was not confirmed by the MG-RAST results, their prevalence and relative abundances 543 

(calculated within the samples in which they were detected, based on QIIME2 results) are 544 

higher than several other phyla identified by both tools, such as Chlamydiae, Fusobacteria, 545 

Verrucomicrobia, Elusimocrobia and Synergistetes. The results regarding these two phyla are 546 

most likely the reflexion of the finer-scale resolution of reads into ASVs provided by DADA2 547 

within QIIME2. 548 

Using QIIME2 and MG-RAST approaches collectively identified 128 families, with 56 549 

detected by both pipelines, corresponding to 99.95% and 89.67% of the total hits, 550 

respectively. Therefore, the families exclusively reported by either of the pipelines represent 551 

only a small percentage of the actual number of hits. In agreement with Kaszubinski et al. 552 

(2019), our results regarding alpha- and gamma-diversity at the family-level revealed that 553 
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taxonomic compositions obtained from QIIME2 had on average higher observed richness 554 

(𝑆𝑜𝑏𝑠) but lower overall richness (γ) than MG-RAST’s counterparts. These results agree with 555 

expectations, since MG-RAST’s algorithm is based on the clustering of sequences at 97% of 556 

similarity, which for a 254 bp length region such as the V4 region of the 16S rRNA gene 557 

would correspond to up to 8 Hamming distances, whereas DADA2, implemented in QIIME2, 558 

constructs an error model that is trained on the sequencing run and applied to create ASVs, 559 

resolving sequences with as low as 1 Hamming distance to the consensus sequence. As a 560 

consequence, it is expected that ASV-based algorithms better resolve fine-scale variation, 561 

leading to fewer spurious identifications than OTU-based methods (Callahan et al., 2016; 562 

Nearing et al., 2018; Prodan et al., 2020).   563 

Beta-diversity measures suggested a higher similarity between the microbiota profiles 564 

computed in QIIME2 in comparison to MG-RAST, contrary to what was observed in 565 

Kaszubinski et al. (2019), possibly due to the filtering process applied, i.e. rarefaction to 566 

1,000 sequences to account for the variability of library size amongst pipelines, or to the 567 

removal of taxa with <1% relative abundance, leading to a loss of relevant information, or 568 

both (Kaszubinski et al., 2019). 569 

4.2 Genus-level analyses 570 

The analysis of the genus-level taxonomic compositions generated with MG-RAST and 571 

QIIME2 revealed that 97 (out of a total of 337) genera were identified by both pipelines and 572 

corresponded to 92.58% and 79.69% of the total number of sequence hits, respectively. 573 

Additionally, although the relative abundances of 67 genera identified by both tools were 574 

significantly correlated, only 36 genera whose abundances showed correlations of 0.8 or 575 

higher, suggesting that even though the majority of the read annotations concurred 576 
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between the pipelines, the relative abundances of the communities were substantially 577 

different, which could have meaningful consequences in subsequent statistical analyses. 578 

Furthermore, PLS-DA and co-abundance network analyses were used here in an attempt to 579 

discriminate sampling sites, and showed better accuracies for MG-RAST when using the 580 

whole taxonomic compositions (data scenarios A and C), whereas results were better for 581 

QIIME2 when using the minimum relative abundance threshold of 1% (data scenarios B and 582 

D), highlighting the importance of low abundance taxa, particularly in quantitative studies 583 

focused on associations between a host phenotype and its microbiota. It follows that if low 584 

abundance genera are real observations, MG-RAST is preferred to QIIME2, whereas if there 585 

is a large error involved in low abundance genera, QIIME2 would be the method of choice to 586 

determine the microbial community. In particular, results obtained from MG-RAST included 587 

identification of false positive taxa, and this is confirmed by microbiological knowledge, 588 

database information and the literature; however, inaccuracy in relative abundance of the 589 

identified taxa in the samples is more difficult to verify but this could be partly achieved by 590 

using mock community DNA samples. 591 

The results obtained from scenarios B and D agreed with Kaszubinski et al. (2019), in which 592 

they found that random forest models applied to distinguish the sample area and death 593 

manner based on phylum- and family-level compositions had slightly higher mean 594 

prediction errors when using data obtained from MG-RAST than from QIIME2. The 595 

agreement between both studies may be due to the filtering procedures applied in 596 

Kaszubinski et al. (2019), i.e. rarefaction to 1,000 sequences to account for the variability of 597 

library size amongst pipelines and removal of taxa with <1% relative abundance, which is 598 

similar to the restriction imposed on data scenarios B and D, where we filtered out all taxa 599 
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with relative abundance lower than 1%. Additionally, the VIP (obtained from the PLS-DA 600 

analyses) associated to each genus differed substantially, revealing that the influence of the 601 

explanatory genera to the model differed, even when the same genera (but different 602 

relative abundances) were used, which could have implications in biomarkers identification. 603 

Additionally, due to the compositional nature of the microbiota datasets, we performed an 604 

exploratory analysis that compared the results of data scenarios A and B in PLS-DA models 605 

based on data transformed by the additive logratio methodology. The results were similar to 606 

those based on relative abundances, i.e. higher accuracy of discrimination between sample 607 

types using MG-RAST than QIIME2 based on the whole datasets but substantially higher 608 

accuracy of QIIME2 when low abundance taxa (<1%) were removed.  609 

 610 

5 Conclusions 611 

This study found meaningful differences in the microbiota profiles generated by MG-RAST 612 

and QIIME2 from 16S rRNA amplicon sequences of samples from swine caecum, colon and 613 

faeces, not only in terms of which taxa were detected but also based on their relative 614 

abundances and overall prevalence. When low abundant (<1%) taxonomies are real and of 615 

importance, microbiota compositions generated by MG-RAST are preferred because it 616 

discriminated more accurately the collection sites of our samples than those generated by 617 

QIIME2.  However, using the same accuracy criteria, QIIME2 is recommended when low 618 

abundance genera (<1%) were removed. 619 

This research provides further evidence that the selection of pipeline greatly affects the 620 

outcomes and clarifies some of the characteristics of MG-RAST and QIIME2 which resulted 621 

in different taxonomic profiles based on the same amplicon sequence data. The user should 622 
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be aware that, due to richness bias, employing an ASV-based pipeline may lead to increased 623 

false positives and thus artificially inflate alpha-diversity. However, the ASVs are a natural 624 

evolution for assessment of taxonomic profiles, whereas OTUs are based on an arbitrary 625 

similarity threshold, typically 97%.  Additionally, irrespective of the pipeline selected, 626 

procedures such as trimming and parameters including minimum similarity to the 627 

taxonomic database should be tuned in each work, in order to maximize the pipelines’ 628 

potential. The choice of pipeline and parameter tuning procedures should account for the 629 

context in which the resulting taxonomic compositions will be applied, whether this is for 630 

example, a study on human-derived post-mortem microbiome with forensic applications, in 631 

which fine-tuning of low abundance taxa is essential, or a study on cattle-derived rumen 632 

microbiome in association to animal production traits, in which high abundance taxa would 633 

potentially be more relevant. 634 

Generally, we highlight the necessity to consider the potentially large differences in 635 

microbial community compositions based on different pipelines in the interpretation of 636 

results of microbiome studies. 637 
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Supplementary Materials 813 

Table S1 814 
Differences between abundance of each genus retrieved from MG-RAST and QIIME2 pipelines (relative abundances) and corresponding correlations (number of hits). 815 

Genera Average relative abundance MG-RAST (%) Average relative abundance QIIME2 (%) T-test P-value Bonferronia Correlation (%) Correlation P-value Bonferronib 

Prevotella 40.07 ± 7.68 41.37 ± 9.09E-02 3.30E-03 96.93 3.08E-113 

Faecalibacterium 13.28 ±4.52 5.58 ± 2.92E-02 1.91E-96 95.44 1.40E-97 

Clostridium 9.21 ±9.53 3.88 ± 6.93E-02 1.92E-44 98.69 2.30E-147 

Selenomonas 5.74 ±2.43 7.11E-02 ± 1.12E-03 1.62E-76 31.53 1.02E-03 

Lactobacillus 4.90 ±5.90 6.23 ± 6.84E-02 1.83E-17 98.97 6.95E-157 

Roseburia 4.01 ±2.64 0.77 ± 7.45E-03 7.73E-42 50.13 2.28E-11 

Ruminococcus 3.88 ±1.59 2.31 ± 9.37E-03 3.20E-49 79.92 5.31E-41 

Dialister 2.85 ±1.64 3.68 ± 1.88E-02 9.40E-16 88.16 1.46E-60 

Megasphaera 2.70 ±1.43 2.79 ± 1.30E-02 0.35ns 98.1 2.04E-132 

Acidaminococcus 2.49 ±1.12 1.15 ± 1.35E-02 1.98E-42 64.33 2.34E-21 

Catenibacterium 2.10 ±1.81 3.32 ± 2.81E-02 4.52E-31 99.01 1.12E-158 

Blautia 2.07 ±1.13 2.74 ± 1.16E-02 7.89E-14 80.24 1.41E-41 

Phascolarctobacterium 1.72 ± 1.00 1.94 ± 1.13E-02 2.44E-13 98.96 9.85E-157 

Collinsella 1.10 ± 9.45E-01 1.29 ± 9.12E-03 1.68E-15 97.75 1.26E-125 

Sarcina 5.23E-01 ± 8.10E-01 7.83E-01 ± 1.16E-02 8.06E-08 96.98 5.64E-114 

Streptococcus 4.95E-01 ± 1.15 1.31 ± 2.42E-02 1.29E-10 96.26 1.95E-105 

Mitsuokella 3.78E-01 ± 9.86E-01 1.12 ± 9.96E-03 8.12E-34 70.54 1.25E-27 

Campylobacter 2.54E-01 ± 3.16E-01 5.39E-01 ± 6.28E-03 4.29E-22 97.63 1.36E-123 

Shuttleworthia 2.34E-01 ± 3.78E-01 1.41 ± 1.39E-02 6.81E-26 51.02 7.27E-12 

Butyrivibrio 1.99E-01 ± 2.19E-01 3.45E-02 ± 6.45E-04 3.13E-19 26.49 2.32E-02 

Dorea 1.87E-01 ± 1.54E-01 5.69E-01 ± 3.04 E-03 1.91E-43 56.39 3.50E-15 

Desulfovibrio 1.82E-01 ± 2.93E-01 6.02E-01 ± 5.01E-03 1.22E-40 77.46 7.17E-37 

Megamonas 1.77E-01 ± 5.44E-01 3.76E-01 ± 9.04E-03 8.65E-03 67.88 9.43E-25 

Bifidobacterium 1.76E-01 ± 6.71E-01 1.80E-01 ± 5.74E-03 1ns 97.92 9.02E-129 

Methanosphaera 1.55E-01 ± 2.53E-01 2.84E-01 ± 4.06E-03 4.87E-18 99.63 5.87E-198 
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Lachnospira 1.51E-01 ± 1.49E-01 1.66E-01 ± 2.03E-03 1ns 74.96 3.49E-33 

Butyricicoccus 1.38E-01 ± 3.91E-01 3.13E-01 ± 1.64E-03 5.24E-07 35.46 5.75E-05 

Corynebacterium 9.92E-02 ± 1.35E-01 8.16E-02 ± 1.18E-03 5.54E-03 88.06 3.04E-60 

Methanobrevibacter 6.86E-02 ± 2.08E-01 6.13E-01 ± 1.09E-02 1.80E-10 56.04 5.92E-15 

Bacteroides 6.80E-02 ± 5.22E-01 4.35E-02 ± 4.17E-03 0.13ns 99.1 1.83E-162 

Acetitomaculum 6.14E-02 ± 7.63E-02 7.88E-02 ± 2.05E-03 1ns 18.5 1ns 

Paraprevotella 6.06E-02 ± 2.89E-01 9.50E-04 ± 1.30E-04 0.24ns -1.45 1ns 

Veillonella 4.74E-02 ± 2.96E-01 1.86E-02 ± 9.03E-04 1ns 19.21 0.80ns 

Helicobacter 3.78E-02 ± 6.66E-02 7.58E-02 ± 1.54E-03 1.63E-06 99.72 3.50E-209 

Syntrophococcus 2.82E-02 ± 5.21E-02 2.55E-01 ± 4.82E-03 8.14E-08 -7.69 1ns 

Anaerobiospirillum 2.27E-02 ± 5.09E-02 4.02E-02 ± 9.59E-04 1.69E-04 96.74 6.94E-111 

Actinobacillus 2.01E-02 ± 6.68E-02 5.18E-02 ± 1.75E-03 4.59E-02 77.92 1.34E-37 

Subdoligranulum 1.94E-02 ± 5.02E-02 4.87 ± 1.80E-02 7.83E-86 12.98 1ns 

Mycoplasma 1.40E-02 ± 3.69E-02 6.41E-02 ± 9.24E-04 8.20E-18 93.75 3.27E-85 

Treponema 1.15E-02 ± 8.26E-02 3.15 ± 5.28E-02 2.27E-12 40.01 1.24E-06 

Enterococcus 1.15E-02 ± 4.45E-02 3.69E-04 ± 3.63E-05 3.84E-02 -0.07 1ns 

Fusobacterium 1.01E-02 ± 7.41E-02 1.09E-02 ± 7.86E-04 1ns 99.78 2.60E-218 

Dietzia 7.91E-03 ± 1.52E-02 1.09E-02 ± 2.80E-04 0.25ns 96.81 9.35E-112 

Anaerotruncus 7.35E-03 ± 3.34E-02 1.41E-04 ± 1.93E-05 0.17ns 3.48 1ns 

Fibrobacter 4.52E-03 ± 2.52E-02 5.69E-01 ± 9.77E-03 1.33E-11 1.11 1ns 

Alistipes 4.20E-03 ± 1.92E-02 3.75E-03 ± 1.82E-04 1ns 91.45 5.12E-73 

Barnesiella 3.56E-03 ± 4.89E-02 2.21E-04 ± 1.94E-05 1ns -0.84 1ns 

Slackia 3.51E-03 ± 7.60E-03 9.22E-02 ± 5.20E-04 8.89E-56 13.9 1ns 

Oribacterium 3.30E-03 ± 2.88E-02 1.44 ± 5.61E-03 7.79E-83 18.8 0.95ns 

Anaerostipes 2.84E-03 ± 1.07E-02 4.85E-02 ± 5.63E-04 6.76E-22 38.58 4.41E-06 

Coprococcus 2.67E-03 ± 2.90E-02 1.39 ± 5.71E-03 1.22E-78 -4.06 1ns 

Rothia 1.52E-03 ± 2.90E-03 1.64E-03 ± 6.05E-05 1ns 77.06 2.96E-36 

Aeriscardovia 1.43E-03 ± 7.95E-03 2.95E-03 ± 1.63E-04 1ns 94.35 3.43E-89 

Mobiluncus 1.43E-03 ± 7.53E-03 9.41E-04 ± 8.08E-05 0.40ns 97.12 6.77E-116 

Staphylococcus 1.31E-03 ± 4.20E-03 3.05E-03 ± 1.08E-04 0.37ns 73.58 2.46E-31 
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Oxalobacter 1.30E-03 ± 6.56E-03 6.63E-02 ± 8.22E-04 5.66E-20 21.14 0.35ns 

Granulicatella 1.29E-03 ± 1.66E-02 7.66E-05 ± 1.05E-05 1ns 0.12 1ns 

Enterorhabdus 1.28E-03 ± 1.30E-02 4.41E-01 ± 2.06E-03 2.97E-69 -5.24 1ns 

Candidatus Arthromitus 1.20E-03 ± 1.32E-02 2.93E-03 ± 3.33E-04 1ns 100 0 

Parabacteroides 1.10E-03 ± 4.48E-03 4.39E-01 ± 3.92E-03 5.01E-33 13.63 1ns 

Anaerofustis 9.73E-04 ± 3.73E-03 2.12E-02 ± 3.36E-04 7.27E-13 9.82 1ns 

Chlamydia 8.96E-04 ± 2.79E-03 1.28E-03 ± 5.65E-05 1ns 94.66 2.27E-91 

Actinomyces 8.26E-04 ± 2.84E-03 2.72E-04 ± 2.37E-05 3.92E-03 82.71 1.96E-46 

Victivallis 7.82E-04 ± 5.53E-03 9.18E-04 ± 4.18E-05 1ns 73.96 7.99E-32 

Plantibacter 6.11E-04 ± 1.21E-03 4.91E-04 ± 3.26E-05 1ns 88.05 3.36E-60 

Microbacterium 5.91E-04 ± 1.22E-03 2.44E-04 ± 3.34E-05 1ns 42.97 7.37E-08 

Gemella 4.11E-04 ± 3.36E-03 2.95E-04 ± 2.49E-05 1ns 99.79 6.71E-222 

Weissella 3.95E-04 ± 2.07E-03 3.17E-04 ± 3.09E-05 1ns 84.73 5.16E-51 

Leuconostoc 3.47E-04 ± 1.26E-03 1.48E-04 ± 1.52E-05 0.40ns 89.66 1.04E-65 

Succinivibrio 2.72E-04 ± 6.73E-03 1.06 ± 1.21E-02 3.39E-23 21.17 0.34ns 

Pseudoclavibacter 2.49E-04 ± 6.03E-03 1.48E-04 ± 1.43E-05 1ns 45.01 8.85E-09 

Sporosarcina 2.45E-04 ± 2.16E-03 5.85E-05 ± 8.02E-06 1ns -0.78 1ns 

Curtobacterium 2.43E-04 ± 8.90E-04 4.38E-05 ± 6.01E-06 0.23ns 24.19 0.08ns 

Brachyspira 2.20E-04 ± 7.15E-04 3.21E-04 ± 1.91E-05 1ns 65.71 1.25E-22 

Lactococcus 2.07E-04 ± 1.18E-03 1.65E-04 ± 2.26E-05 1ns 93.96 1.58E-86 

Cellulosilyticum 1.95E-04 ± 2.49E-03 7.74E-03 ± 4.43E-04 0.81ns -1.63 1ns 

Atopostipes 1.86E-04 ± 8.36E-04 8.87E-05 ± 1.22E-05 1ns 55.17 2.23E-14 

Brachybacterium 1.58E-04 ± 7.12E-04 1.93E-04 ± 2.22E-05 1ns 70.75 7.35E-28 

Brevibacterium 1.25E-04 ± 7.35E-04 1.30E-04 ± 1.78E-05 1ns 81.13 3.05E-43 

Aerococcus 1.10E-04 ± 4.58E-04 1.26E-04 ± 1.30E-05 1ns 50.72 1.08E-11 

Pseudomonas 1.09E-04 ± 4.15E-04 5.17E-05 ± 5.06E-06 1ns 41.72 2.50E-07 

Pasteurella 7.52E-05 ± 4.49E-04 1.74E-03 ± 1.56E-04 1ns 15.65 1ns 

Aggregatibacter 6.89E-05 ± 3.01E-04 7.01E-05 ± 9.61E-06 1ns -1.73 1ns 

Peptoniphilus 6.80E-05 ± 5.02E-04 2.54E-05 ± 3.48E-06 1ns 53.1 4.38E-13 

Oligella 6.62E-05 ± 3.89E-04 6.88E-05 ± 9.43E-06 1ns 59.86 1.13E-17 
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Psychrobacter 4.80E-05 ± 2.93E-04 1.39E-03 ± 8.56E-05 1ns 64.9 7.18E-22 

Porphyromonas 4.61E-05 ± 3.10E-04 5.57E-04 ± 3.00E-05 0.73ns 33.48 2.58E-04 

Peptostreptococcus 3.67E-05 ± 2.00E-04 2.36E-05 ± 3.23E-06 1ns -1.44 1ns 

Ignatzschineria 3.63E-05 ± 2.88E-04 1.38E-04 ± 1.15E-05 1ns -1.52 1ns 

Stenotrophomonas 3.16E-05 ± 3.31E-04 3.88E-05 ± 5.32E-06 1ns 83.11 2.67E-47 

Peptococcus 2.97E-05 ± 4.07E-04 1.24E-01 ± 8.41E-04 4.35E-47 -2.83 1ns 

Chryseobacterium 2.47E-05 ± 2.95E-04 1.88E-05 ± 2.57E-06 1ns 94.85 8.03E-93 

Ochrobactrum 2.35E-05 ± 1.66E-04 4.56E-05 ± 6.25E-06 1ns -1.02 1ns 

Pyramidobacter 2.34E-05 ± 3.20E-04 2.90E-02 ± 3.56E-04 1.38E-20 -5.62 1ns 

Leptotrichia 1.34E-05 ± 1.32E-04 2.79E-05 ± 3.82E-06 1ns 70.52 1.33E-27 

Elusimicrobium 8.60E-06 ± 8.45E-05 7.84E-02 ± 1.38E-03 3.02E-11 -5.75 1ns 

Nitrosomonas 4.60E-06 ± 6.35E-05 1.42E-04 ± 1.22E-05 1ns -0.92 1ns 

a P-values were obtained from two-sided paired t-tests assuming different variances and corrected by the Bonferroni method. b P-values obtained for the pariwise correlations, corrected by 816 
the Bonferroni method. ns indicates non-significant (P-value ≥ 0.05). 817 


