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The number of metagenomes is increasing rapidly. However, current methods for metagenomic 
analysis are limited by their capability for in-depth data mining among a large number of microbiome 
each of which carries a complex community structure. Moreover, the complexity of configuring and 
operating computational pipeline also hinders efficient data processing for the end users. In this work 
we introduce Parallel-META 3, a comprehensive and fully automatic computational toolkit for rapid 
data mining among metagenomic datasets, with advanced features including 16S rRNA extraction for 
shotgun sequences, 16S rRNA copy number calibration, 16S rRNA based functional prediction, diversity 
statistics, bio-marker selection, interaction network construction, vector-graph-based visualization 
and parallel computing. Application of Parallel-META 3 on 5,337 samples with 1,117,555,208 sequences 
from diverse studies and platforms showed it could produce similar results as QIIME and PICRUSt with 
much faster speed and lower memory usage, which demonstrates its ability to unravel the taxonomical 
and functional dynamics patterns across large datasets and elucidate ecological links between 
microbiome and the environment. Parallel-META 3 is implemented in C/C++ and R, and integrated into 
an executive package for rapid installation and easy access under Linux and Mac OS X. Both binary and 
source code packages are available at http://bioinfo.single-cell.cn/parallel-meta.html.

With the rapid development of Next Generation Sequencing technologies, metagenome datasets have been 
increasing explosively, both in sample number and in sequence volume. Data mining across hundreds or even 
thousands of metagenomes promises to uncover highly valuable biological information, such as a landscape 
view of microbiota structure and function1, or the fine association between microbiota dynamics and human 
health status2 or environmental factors3. Such integrated and in-depth comparison of taxonomical structure or 
functional profile in large-scale metagenomics datasets has become important or even essential in the many 
microbiota-enabled applications4.

A number of methods have been developed for metagenomic analysis. MetaPhlAn5 profiles microbial com-
munity composition using a universal biomarker gene, yet it was designed for only shotgun metagenome data-
sets, and lacks in-depth analysis proceedings such as quantitative similarity calculation and diversity evaluation 
among multiple samples. Mothur6 and QIIME7 are widely used toolkits for analysing 16S rRNA amplicon based 
metagenome datasets, however their computing throughput has become a bottleneck; moreover they both require 
dozens of dependency packages, thus the installation, configuration and operation are tedious and complicated.

Here we propose Parallel-META 3, a comprehensive and automatic software package (Fig. 1) that pro-
vides rapid data mining on taxonomy and metabolic function across a large number of metagenome datasets. 
Compared to previous versions8,9, its advanced features include 16S rRNA copy number calibration, 16S rRNA 
based functional prediction, diversity statistics, biomarkers selection, and data visualization based on high-quality 
vector graphs. For high-performance computing over massive datasets, all processing steps in Parallel-META 
3 are implemented using C/C+​+​ and/or R with parallel computing techniques and self-adapted load balanc-
ing strategy. In addition, this software is encapsulated and integrated into a well-configured and full-automatic 
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pipeline for easy installation and friendly user experience. Tests on 5,337 samples with 1,117,555,208 16S ampli-
con sequences showed that Parallel-META 3 is able to uncover dynamics of microbiomic features and patterns in 
both taxonomical and functional aspects with higher efficiency, optimized memory usage and uncompromised 
precision from large-scale metagenome datasets.

Results
To evaluate the performance of Parallel-META 3, we prepared four test datasets collected from different studies 
and produced by different platforms (Table 1). Dataset 1 and 2 contained 4,799 16S rRNA amplicon samples in 
total from healthy adults at five body sites (nasal, gastrointestinal, oral, skin and urogenital) produced by Human 
Microbiome Project10. Dataset 3 contained 528 human gut 16S rRNA amplicon samples from healthy adults, 
children less than 3 years old (C-3) and children of 3–17 years old (C-17) from three countries (Malawi, USA and 
Venezuela) produced by Yatsunenko, et al.11 These three datasets were employed as representatives of 16S rRNA 
amplicon based microbiome data.

On the other hand, in order to test the performance on shotgun metagenomics data, Datasets 4 was included, 
which contained 10 artificial metagenomic shotgun samples that were simulated with nine organisms using 
Dwgsim12 (version 0.1.8). These 10 samples were divided into two groups based on proportion of organisms to 
test the sensitivity of Parallel-META 3 in distinguishing samples with different community patterns (detailed 
design of simulation in Table S1 of Supplementary file S1).

Results of 16S rRNA amplicon samples from the first three datasets were generated via Parallel-META 3 (ver-
sion 3.3.2), then they were compared to the taxonomical structure reported by QIIME7 (version 1.9.0) and func-
tional profiles predicted by PICRUSt13 (version 1.0) that worked the benchmark. For the artificial metagenomic 

Figure 1.  Overall workflow of Parallel-META 3. All analysis steps were implemented in C/C+​+​ and/or R 
with optimized parallel computing, and well configured in to a fully automatic pipeline package.

Dataset Sequence type Study # of samples # of sequences platform

Dataset 1 16S rRNA amplicon V1-V3 region Human Microbiome Project 1,547 28,089,946 Roche 454 FLX

Dataset 2 16S rRNA amplicon V3-V5 region Human Microbiome Project 3,252 42,359,290 Roche 454 FLX

Dataset 3 16S rRNA amplicon V4 region Yatsunenko, et al., Nature, 2012 528 1,093,740,363 Illumina HiSeq 2000

Dataset 4 Metagenomic shotgun Simulated 10 23,814,845 Simulated Illumina

Table 1.   Detailed information of the test datasets.
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shotgun sequences of Dataset 4, the taxonomy structure generated by Parallel-META 3 (version 3.3.2) was com-
pared to the simulation design. OTUs (Operational Taxonomy Units) were picked at 97% similarity level, func-
tions profiles were predicted based on KO (KEGG Ontology) database14, and other parameters were kept as the 
default configuration. Moreover, statistical analysis figures were automatically generated via the visualization 
capability of Parallel-META 3. All tests were performed on a rack server with quad Intel Xeon E5-4620 CPUs  
(32 physical cores, 64 threads in total) and 256GB RAM.

Figure 2.  The running time and memory consumption of Parallel-META 3 compared to the benchmark 
software of QIIME and PICRUSt with 16S rRNA amplicon datasets. 

Figure 3.  Shannon index α​ diversity of 16S rRNA amplicon datasets validated by QIIME at the taxonomical 
genus level (A): Dataset 1, (B): Dataset 2 and (C): Dataset (3) and by PICRUSt at the functional pathway 
level (D): Dataset 1, (E): Dataset 2 and (F): Dataset (3). Simpson index results were shown in Figure S1 in 
Supplementary file S1.
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Higher efficiency of Parallel-META 3 in computing time and memory usage than the bench-
mark.  We illustrated the efficiency advantages of Parallel-META 3 by comparing the running time and 
memory usage of all analysis processes with the three 16S rRNA amplicon datasets to those of the benchmark 
by QIIME and PICRUSt. All tool packages were invocated in parallel computing model using 1, 16, 32 and 64 
threads, respectively. Benefited by the whole-process parallel scheduling, multi-thread memory sharing and C+​+​ 
programming, Parallel-META 3 achieved a ~5×​ faster speed (Fig. 2) than the benchmark scores, yet with remark-
ably lower RAM usage on identical hardware configurations, such as for Dataset 1 the benchmark software used 
over 48 GB but Parallel-META 3 only took 3.3 GB. In addition, the speedup ratio was independent of either the 
source or the sequence type of the input samples. This acceleration demonstrated the capability of Parallel-META 
3 on rapid evaluation of input samples, which is essential for in-depth data mining with massive amount of sam-
ples and complex community structures.

Identification of microbiota structure pattern from 16S rRNA amplicon samples.  Community 
structure is the basis for in-depth interpretation of microbiota. We verified the overall taxonomical patterns 
and predicted metabolic profiles of three 16S rRNA amplicon datasets generated by Parallel-META 3 with the 
benchmark from both α​ diversity and β​ diversity aspects. The α​ diversity was calculated by Shannon index and 

Figure 4.  The β​ diversity patterns of 16S rRNA amplicon datasets based on Meta-Storms distances validated by 
QIIME (A): Dataset 1, (B): Dataset 2 and (C): Dataset (3) and by PICRUSt (D): Dataset 1, (E): Dataset 2 and (F): 
Dataset (3).

Figure 5.  Correlations of NTSI values calculated respectively by Parallel-META 3 and PICRUSt on 16S 
rRNA amplicon datasets. 
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Figure 6.  Community diversity variations among body sites. (A and B): Partition of β​ diversity on taxonomy 
and functions based on Meta-Storms distances of Dataset 1; (C and D): Shannon index α​ diversity of Dataset 
1 on genus level and pathway level; (E and F): Comparison of 16S rRNA reads from V1-V3 region (Dataset 1) 
and V3-V5 region (Dataset 2) on taxonomical α​ diversity and β​ diversity. Diversity analysis of Dataset 2 was 
included in Figure S2 of supplementary file S1.

Figure 7.  The most abundant genera of each of the body sites as identified by biomarker analysis. 
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Simpson index at the genus level and the KEGG pathway level; the β​ diversity was examined based on pair-wised 
Meta-Storms15 distance of OTUs and KOs. Since the 16S rRNA copy number calibration (refer to Methods sec-
tion for details) was not supported in QIIME, we disabled this option in taxonomy analysis of Parallel-META 3 
for consensus purpose. No significant difference was observed between the community structures reported by 
Parallel-META 3 and the benchmark on α​ diversity (Wilcoxon rank-sum test; p-value >​ 0.01; Fig. 3). Moreover, 
the two methods generated similar β​ diversity patterns in PCoA as verified by Monte-Carlo test (10,000 per-
mutations, p-value <​ 0.001; Fig. 4). Furthermore, the reliability of metabolic prediction was examined by NSTI 
(Nearest Sequenced Taxa Index) values of PICRUSt13. The strong Pearson correlation (R >​ 0.9) also confirmed the 
uncompromised precision in functional profiling for Parallel-META 3 (Fig. 5).

Interpreting the diversity of 16S rRNA amplicon samples.  Since change in microbial diversity in 
microbiota samples has been linked to several human diseases, we assessed the capability of Parallel-META 3 
in α​ diversity and β​ diversity statistics via both taxonomical structure and predicted functional profiles. For 
human-associated microbiota samples from Dataset 1 and Dataset 2, Parallel-META 3 differentiated samples 
from each body site via β​ diversity by their taxonomical and functional profiles (Fig. 6A and B). Moreover, the 
distinct degree of microbiomic complexity in each body site was revealed via α​ diversity (Fig. 6C and D, Wilcoxon 
rank-sum test p-value <​ 0.01): oral communities feature especially diverse taxonomical membership, vaginal 
sites harbor particularly simple communities, while gut samples had the most complex metabolic functions. This 
significance was also confirmed by previous works of The Human Microbiome Project Consortium, Nature16. 
Furthermore, biomarker analysis at the genus level suggested that each body site could be characterized and 

Figure 8.  Taxonomy diversity among microbiota samples of adults and children from three countries. α​ 
diversity was measured by Shannon index and Simpson index (A and B) for Malawi, (D and E) for US, (G and H)  
for Venezuela); β​ diversity was illustrated in PCoA based on Meta-Storms distance (C) for Malawi, (F) for US 
and (I) for Venezuela). Refer to Figure S3 in Supplementary file S1 for diversity of functional profiles.
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distinguished by the relative abundance of just a few taxa (Fig. 7): for example, skin communities were specifically 
dominated by Propionibacterium and Staphylococcus, while oral samples contained abundant Streptococcus and 
Prevotella. In addition, it was apparent that whether 16S rRNA reads were from V1-V3 and V3-V5 regions did not 
affect the diversity analysis results (Fig. 6E and F).

Using the human gut microbiome samples of Dataset 3, Parallel-META 3 generated results that described 
the global patterns of age-associated changes and partitions among populations and countries. In this case we 
observed that gut samples from children under three-year old had a much lower α​ diversity, and interpersonal 
variation as evaluated by β​ diversity on both taxonomical and functional levels was significantly greater among 
children under three-year old than among 3-7-year old children or adults; such a pattern was robust to change in 
geography (Fig. 8). On the other hand, functional analysis uncovered the specific pathways that discriminated the 
microbiomes of different ages (Fig. 9): methane, arginine, proline, energy and glutamine metabolisms were higher 
in the adult microbiomes, while nitrogen, carbohydrate, tyrosine and glycerolipid metabolisms were enriched in 
baby microbiomes. In addition, notable differences in functional profile of microbiota were found among indi-
viduals that lived in different countries, with especially pronounced separation observed between the Malawian 
& Venezuelans and the US gut communities across all age stages (Fig. 10).

Identification of microbiota structure pattern by simulated metagenomic shotgun sequences.  
Using Dataset 4, the ability of Parallel-META 3 to process shotgun metagenome data was examined by comparing 
the community structures reported by our software to the simulation design with 10 samples. Parallel-META 
3 was used to profile shotgun sequences at the genus level, and the relative abundance of all organisms then 
estimated with 16S rRNA copy number calibration. Parallel-META 3 finished all processes on the 10 simulated 
shotgun samples in 15 minutes (892.06 s) with maximum RAM usage of 1.6 GB. The microbiota patterns were 
presented in bar charts (Fig. 11A and B) and then compared to the simulation design in PCA (Fig. 11C) on  
β​ diversity by Monte-Carlo test with 10,000 permutations (p-value <​ 0.001). Based on the calculated organism 
proportions, the 10 samples were separated into the two groups that were consistent with the simulation design, 
thus confirming the reliability of Parallel-META 3 in handling metagenomic shotgun sequences. In addition, had 
the analysis been performed without 16S rRNA copy number calibration in PCA (Fig. 11C), a noticeable deviation  
of the results from the true answer in the simulation design was observed (p-value =​ 0.003). This indicated that 
the new feature of 16S rRNA copy number calibration in Parallel-META 3 could improve the accuracy of estimat-
ing relative abundances of organisms in microbiota.

Discussion
With the rapid expansion of microbiota research, it is becoming increasingly important to perform in-depth data 
mining of large microbiome datasets or compare datasets produced from different studies. However, the challenge 
associated with big-data computing has limited the data size-range and samples number that can be effectively 
analysed. On one hand, such analysis usually cannot be finished in only single round, instead requires several iter-
ations for parameter adjustment, meta-data (sampling information) arrangement, samples insertion or removal, 
or result optimization; computing-intensiveness of such processes frequently causes an unacceptable amount of 
wait time, especially when the number of samples reaches thousands. On the other hand, hundreds of Giga-bytes 
of RAM consumption as well as larger amount of computing resources are usually required for such analyses. The 

Figure 9.  Functional pathways that are differentially distributed between adults and children microbiome. 
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parallel computing provided by Parallel-META 3 tackles this challenge by both increasing the running speed for 
multi-round configurable analysis and reducing the requirement of computing hardware.

Moreover, the complexity of hierarchical structures and dependency packages associated with current metage-
nome analysis pipelines can become a practical barrier for installations and operations. Targeting this issue, we 
have enhanced the users experience of Parallel-META 3 in both installation and access by: (i) encapsulating 
software components into a single package to allow installation with little user configurations, (ii) organizing all 
steps for automatic execution by a single command line with user-defined parameters, and (iii) simplifying the 
visualization for users via high-quality vector graphs to allow nimble and flexible interrogation of the data.

In summary, Parallel-META 3 enables high-throughput and in-depth data mining from a large number of 
microbial community samples with high efficiency and out-standing experience. Further development of this 
and related tools that tackle the challenges associated with comparison, searching and mining of large-scale and 
heterogeneous microbiome datasets should help to fulfil the promise of microbiome research in various scientific 
disciplines and application areas.

Methods
Taxonomic and functional profiling.  Parallel-META 3 accepts both shotgun metagenomic sequences and 
16S rRNA amplicon sequences. For shotgun sequences, Parallel-MEA 3 first constructs Hidden Markov Models 
using all bacterial 16S rRNA sequences of SILVA17 (version 123), and predicts the 16S rRNA gene fragments 
in metagenomic shotgun samples from both the forward sequences and reversed complementary sequences 
by HMMER18 (version 3.1, e-value <​ 1e-5). Then Parallel-META 3 extracts all the 16S rRNA fragments from 

Figure 10.  Significant taxonomical variation of microbial community compositions was observed among 
gut samples from different countries of all age stages. Meta-Storms distances between the Malawi samples 
and the Venezuela samples were smaller than that between other pairs. Functional profiles exhibited a similar 
pattern (refer to Figure S4 in Supplementary file S1 for details).
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metagenomic shotgun sequences for profiling. All 16S rRNA gene sequences (either extracted from shotgun 
sequences or 16S rRNA amplicon reads) are aligned to the Parallel-META 3 reference database by Bowtie219 
for OTU picking, taxonomical annotation and phylogeny construction. The reference 16S rRNA sequences are 
from a customized database that integrates GreenGenes20 (version 13-8, sequence similarity on 97% level) with 
RDP and SILVA consensus taxonomy annotation (assigned by BLASTN with e-value <​ 1e-30 and similarity 
>​97%), which raised the proportion of annotated sequences at the genus level from 35.8% to 81.5% (refer to 
Figure S5 in Supplementary file S1 for details). The phylogenetic architecture of all reference sequences is built by 
FastTree21. Since 16S rRNA gene copy number varies greatly among different bacterial species, Parallel-META 3 
also calculates the precise relative abundance of each organism by 16S rRNA copy number calibration using IMG 
database22. In addition, considering that the uneven sequencing depth (number of sequences) among multiple 
samples may introduce bias in detecting diversity patterns23, an optional sequence rarefaction for sequencing 
depth normalization at the OTU level is provided after the taxonomic profiling.

For prediction and annotation of functional profile, Parallel-META 3 re-implements the PICRUSt13 algorithm 
using KEGG database14 to estimate all the functional genes harboured in a microbiota using 16S rRNA gene OTUs. 
The functional genes are annotated by KO (KEGG Ontology) and KEGG pathway. Parallel-META 3 also measures 
the prediction accuracy by the NSTI (Nearest Sequenced Taxon Index) value13, which is calculated by the sum of 
distances between OTUs and their nearest individually sequenced relatives in the phylogenetic architecture.

After taxonomical and functional profiling, Parallel-META 3 parses out the sequence counts and relative 
abundances (normalized into 0–100%) for all OTUs, and estimates the same information for annotated taxa from 
the phylum level to the genus level, as well as the genes and the pathways. Such data is framed into tables that are 
compatible for further analysis in Parallel-META 3 and also suitable for manual examination by users.

The α diversity evaluation and statistics.  Parallel-META 3 evaluates α​ diversity that describes the inner 
complexity of each individual microbiota sample. This process generates rarefaction curves of α​ diversity based on 
observed OTU number and Shannon index to determine the adequacy of the sequencing depth. The rarefaction per-
forms a series of random sequence selection on different sequencing depth with bootstrap (default is 20, and can also 
be defined by users), and the α​ diversity in the curves is calculated by the mean sequence count of each OTU among 
the bootstrapping procedures. Then the influence of each environmental factor on α​ diversity is quantitatively eval-
uated by multivariate statistical analysis with Shannon index, Simpson index and CHAO1 index.

The β diversity evaluation and statistics.  Parallel-META 3 examines β​ diversity of multiple microbi-
ota samples based on their pair-wise similarity matrix to discover the patterns of organism/gene sharing and 
variation among samples. The quantitative similarity between each sample pair is computed by Meta-Storms15 
algorithm, which considers both the relative abundance of OTUs existent in two samples and the distances among 
OTUs in the phylogenetic architecture. The β​ diversity evaluation includes unsupervised hierarchical clustering, 
supervises clustering using PCA (Principle Component Analysis), PCoA (Principle Co-ordinate Analysis) and 
multivariate statistical analysis that quantitatively evaluates the correlation between environmental factors and 
the sample similarities.

Figure 11.  Community structure patterns parsed from metagenomic shotgun sequences of Dataset 4.  
(A) Simulation design at the genus level; (B). Parallel-META 3 analysis results at the genus level; (C). β​ diversity 
comparison via PCA among Parallel-META 3 (16S rRNA copy number calibration enabled; the default option), 
Parallel-META 3 (16S rRNA copy number calibration disabled) and simulation design.
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Biomarker discovery.  Parallel-META 3 can also identify key organisms or functional genes that are highly 
correlated with the variations of the habitats or other types of metadata. Organisms or genes with significant dif-
ferences among microbial community samples were firstly chosen using Kruskal-Wallis or Wilcoxon rank-sum 
test as candidate makers, and these candidate makers are then ranked based on their contribution to the differen-
tiation among samples using the Random Forest algorithm.

Construction of microbial interaction network.  The microbial interaction network is constructed to 
explore co-occurrence and co-exclusion patterns of organisms or functional genes across microbial commu-
nity samples. In the interaction network, each node represents a single organism (or gene), and nodes are con-
nected by links that represent their correlation coefficient of abundance variation among multiple samples24. Then 
Parallel-META 3 illustrates the global pattern among multiple samples by the network’s topological characters 
such as nodes number, isolated island number, density, diameter, radius and centralization (an example is pro-
vided in Figure S6 in supplementary file S1).

Parallel computing and optimization.  Parallel-META 3 was designed and constructed by parallel com-
puting based on C/C+​+​ OpenMP library. All process steps are allocated to independent threads and in parallel 
invocated in multiple CPUs or CPU cores, with a dynamic threads scheduling strategy for optimized load bal-
ancing, and shared memory spaces for lower RAM usage. The thread number is automatically assigned based on 
hardware detection, and can also be defined or customized by the users.

References
1.	 Segata, N. et al. Computational meta’omics for microbial community studies. Mol Syst Biol 9, 666 (2013).
2.	 Turnbaugh, P. J. & Gordon, J. I. The core gut microbiome, energy balance and obesity. J Physiol 587, 4153–4158 (2009).
3.	 Sunagawa, S. et al. Ocean plankton. Structure and function of the global ocean microbiome. Science 348, 1261359 (2015).
4.	 Kyrpides, N. C., Eloe-Fadrosh, E. A. & Ivanova, N. N. Microbiome data science: understanding our microbial planet. Trends in 

Microbiology 24, 425–427 (2016).
5.	 Sunagawa, S. et al. Metagenomic species profiling using universal phylogenetic marker genes. Nat Methods 10, 1196-+​ (2013).
6.	 Schloss, P. D. et al. Introducing mothur: open-source, platform-independent, community-supported software for describing and 

comparing microbial communities. Appl Environ Microbiol 75, 7537–7541 (2009).
7.	 Caporaso, J. G. et al. QIIME allows analysis of high-throughput community sequencing data. Nat Methods 7, 335–336 (2010).
8.	 Su, X., Xu, J. & Ning, K. Parallel-META: efficient metagenomic data analysis based on high-performance computation. BMC Syst 

Biol 6 Suppl 1, S16 (2012).
9.	 Su, X., Pan, W., Song, B., Xu, J. & Ning, K. Parallel-META 2.0: enhanced metagenomic data analysis with functional annotation, high 

performance computing and advanced visualization. PLoS One 9, e89323 (2014).
10.	 Consortium, H. M. P. A framework for human microbiome research. Nature 486, 215–221 (2012).
11.	 Yatsunenko, T. et al. Human gut microbiome viewed across age and geography. Nature 486, 222–227 (2012).
12.	 Li, H. et al. The sequence alignment/map format and SAMtools. Bioinformatics 25, 2078–2079 (2009).
13.	 Langille, M. G. et al. Predictive functional profiling of microbial communities using 16S rRNA marker gene sequences. Nature 

biotechnology 31, 814–821 (2013).
14.	 Kanehisa, M., Goto, S., Sato, Y., Furumichi, M. & Tanabe, M. KEGG for integration and interpretation of large-scale molecular data 

sets. Nucleic Acids Res 40, D109–114 (2012).
15.	 Su, X., Xu, J. & Ning, K. Meta-Storms: efficient search for similar microbial communities based on a novel indexing scheme and 

similarity score for metagenomic data. Bioinformatics (2012).
16.	 Consortium, H. M. P. Structure, function and diversity of the healthy human microbiome. Nature 486, 207–214 (2012).
17.	 Pruesse, E. et al. SILVA: a comprehensive online resource for quality checked and aligned ribosomal RNA sequence data compatible 

with ARB. Nucleic Acids Res 35, 7188–7196 (2007).
18.	 Eddy, S. R. Accelerated profile HMM searches. PLoS Comput Biol 7, e1002195 (2011).
19.	 Langmead, B. & Salzberg, S. L. Fast gapped-read alignment with Bowtie 2. Nat Methods 9, 357–359 (2012).
20.	 DeSantis, T. Z. et al. Greengenes, a chimera-checked 16S rRNA gene database and workbench compatible with ARB. Appl Environ 

Microbiol 72, 5069–5072 (2006).
21.	 Price, M. N., Dehal, P. S. & Arkin, A. P. FastTree 2–approximately maximum-likelihood trees for large alignments. PLoS One 5, 

e9490 (2010).
22.	 Markowitz, V. M. et al. IMG: the integrated microbial genomes database and comparative analysis system. Nucleic Acids Res 40, 

D115–122 (2012).
23.	 Koren, O. et al. A guide to enterotypes across the human body: meta-analysis of microbial community structures in human 

microbiome datasets. PLoS Comput Biol 9, e1002863 (2013).
24.	 Faust, K. et al. Microbial co-occurrence relationships in the human microbiome. PLoS Comput Biol 8, e1002606 (2012).

Acknowledgements
This work is supported by grants from National Natural Science Foundation of China [61303161], Ministry of 
Science and Technology [2014AA21502], Open Fund of Key Laboratory of Marine Ecology and Environmental 
Science, Institute of Oceanology, Chinese Academy of Sciences [KLMEES201304], and Soil Microbiome Program, 
Chinese Academy of Sciences [XDB15040100].

Author Contributions
X.S. and K.N. conceived of the idea. G.J. and Z.S. designed the study. X.S., G.J. and Y.G. developed the algorithm 
and implemented the software. H.W. and S.H. performed the data analysis and tests. X.S., J.X. and K.N. 
contributed to editing and proofreading the manuscript. All authors read and approved the final manuscript.

Additional Information
Supplementary information accompanies this paper at http://www.nature.com/srep
Competing financial interests: The authors declare no competing financial interests.

http://www.nature.com/srep


www.nature.com/scientificreports/

1 1Scientific Reports | 7:40371 | DOI: 10.1038/srep40371

How to cite this article: Jing, G. et al. Parallel-META 3: Comprehensive taxonomical and functional analysis 
platform for efficient comparison of microbial communities. Sci. Rep. 7, 40371; doi: 10.1038/srep40371 (2017).
Publisher's note: Springer Nature remains neutral with regard to jurisdictional claims in published maps and 
institutional affiliations.

This work is licensed under a Creative Commons Attribution 4.0 International License. The images 
or other third party material in this article are included in the article’s Creative Commons license, 

unless indicated otherwise in the credit line; if the material is not included under the Creative Commons license, 
users will need to obtain permission from the license holder to reproduce the material. To view a copy of this 
license, visit http://creativecommons.org/licenses/by/4.0/
 
© The Author(s) 2017

http://creativecommons.org/licenses/by/4.0/

	Parallel-META 3: Comprehensive taxonomical and functional analysis platform for efficient comparison of microbial communiti ...
	Results

	Higher efficiency of Parallel-META 3 in computing time and memory usage than the benchmark. 
	Identification of microbiota structure pattern from 16S rRNA amplicon samples. 
	Interpreting the diversity of 16S rRNA amplicon samples. 
	Identification of microbiota structure pattern by simulated metagenomic shotgun sequences. 

	Discussion

	Methods

	Taxonomic and functional profiling. 
	The α diversity evaluation and statistics. 
	The β diversity evaluation and statistics. 
	Biomarker discovery. 
	Construction of microbial interaction network. 
	Parallel computing and optimization. 

	Acknowledgements
	Author Contributions
	﻿Figure 1﻿﻿.﻿﻿ ﻿ Overall workflow of Parallel-META 3.
	﻿Figure 2﻿﻿.﻿﻿ ﻿ The running time and memory consumption of Parallel-META 3 compared to the benchmark software of QIIME and PICRUSt with 16S rRNA amplicon datasets.
	﻿Figure 3﻿﻿.﻿﻿ ﻿ Shannon index α​ diversity of 16S rRNA amplicon datasets validated by QIIME at the taxonomical genus level (A): Dataset 1, (B): Dataset 2 and (C): Dataset (3) and by PICRUSt at the functional pathway level (D): Dataset 1, (E): Dataset 2 a
	﻿Figure 4﻿﻿.﻿﻿ ﻿ The β​ diversity patterns of 16S rRNA amplicon datasets based on Meta-Storms distances validated by QIIME (A): Dataset 1, (B): Dataset 2 and (C): Dataset (3) and by PICRUSt (D): Dataset 1, (E): Dataset 2 and (F): Dataset (3).
	﻿Figure 5﻿﻿.﻿﻿ ﻿ Correlations of NTSI values calculated respectively by Parallel-META 3 and PICRUSt on 16S rRNA amplicon datasets.
	﻿Figure 6﻿﻿.﻿﻿ ﻿ Community diversity variations among body sites.
	﻿Figure 7﻿﻿.﻿﻿ ﻿ The most abundant genera of each of the body sites as identified by biomarker analysis.
	﻿Figure 8﻿﻿.﻿﻿ ﻿ Taxonomy diversity among microbiota samples of adults and children from three countries.
	﻿Figure 9﻿﻿.﻿﻿ ﻿ Functional pathways that are differentially distributed between adults and children microbiome.
	﻿Figure 10﻿﻿.﻿﻿ ﻿ Significant taxonomical variation of microbial community compositions was observed among gut samples from different countries of all age stages.
	﻿Figure 11﻿﻿.﻿﻿ ﻿ Community structure patterns parsed from metagenomic shotgun sequences of Dataset 4.
	﻿Table 1﻿﻿. ﻿  Detailed information of the test datasets.



 
    
       
          application/pdf
          
             
                Parallel-META 3: Comprehensive taxonomical and functional analysis platform for efficient comparison of microbial communities
            
         
          
             
                srep ,  (2016). doi:10.1038/srep40371
            
         
          
             
                Gongchao Jing
                Zheng Sun
                Honglei Wang
                Yanhai Gong
                Shi Huang
                Kang Ning
                Jian Xu
                Xiaoquan Su
            
         
          doi:10.1038/srep40371
          
             
                Nature Publishing Group
            
         
          
             
                © 2016 Nature Publishing Group
            
         
      
       
          
      
       
          © 2016 The Author(s)
          10.1038/srep40371
          2045-2322
          
          Nature Publishing Group
          
             
                permissions@nature.com
            
         
          
             
                http://dx.doi.org/10.1038/srep40371
            
         
      
       
          
          
          
             
                doi:10.1038/srep40371
            
         
          
             
                srep ,  (2016). doi:10.1038/srep40371
            
         
          
          
      
       
       
          True
      
   




