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GRAPHICAL ABSTRACT

PUBLIC SUMMARY
= MicrobiotaProcess is a bioinformatics tool for microbiome profiling.

= MicrobiotaProcess defines an MPSE structure to better integrate both primary and intermediate microbiome datasets.

MicrobiotaProcess provides a set of functions under a unified tidy framework, which helps users to explore related datasets more efficiently.

MicrobiotaProcess improves the integration and exploration of downstream data analysis.

MicrobiotaProcess offers many visual methods to quickly render clear and comprehensive visualizations that reveal meaningful insights.
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The data output from microbiome research is growing at an accelerating
rate, yet mining the data quickly and efficiently remains difficult. There is still
alack of an effective data structure to represent and manage data, as well as
flexible and composable analysis methods. In response to these two issues,
we designed and developed the MicrobiotaProcess package. It provides a
comprehensive data structure, MPSE, to better integrate the primary and in-
termediate data, which improves the integration and exploration of the
downstream data. Around this data structure, the downstream analysis
tasks are decomposed and a set of functions are designed under a tidy
framework. These functions independently perform simple tasks and can
be combined to perform complex tasks. This gives users the ability to
explore data, conduct personalized analyses, and develop analysis work-
flows. Moreover, MicrobiotaProcess can interoperate with other packages
in the R community, which further expands its analytical capabilities. This
article demonstrates the MicrobiotaProcess for analyzing microbiome data
as well as other ecological data through several examples. It connects up-
stream data, provides flexible downstream analysis components, and pro-
vides visualization methods to assist in presenting and interpreting results.

INTRODUCTION

A wide array of important roles of the microbiota in diverse environments have
been investigated and explored substantially,"”” largely because of the develop-
ment of high-throughput sequencing technologies and bioinformatics. During
the last decades, many bioinformatics algorithms and tools for the exploration
and analysis of microbiome data have been built in the scientific community,
such as giime2° dada2,* usearch,” mothur,® MetaPhlAn.”® These pipelines or
tools conduct initial bioinformatics analysis of microbiome data, but the relevant
data to a microbiome experiment became heterogeneous consisting of feature-
oriented (operational taxonomic unit [OTU] or amplicon sequence variants [ASV])
data frames, sample-oriented data frames, the representative sequences, and
the phylogenetic tree of the sequences after the initial analysis, which brings
new challenges for the downstream data analysis and reproducibility. There
are often many important links (such as the features of the feature table and
the nodes of the phylogenetic tree, feature table, metadata, etc.) among the
diverse data that need to be preserved throughout an analysis. If a researcher
failed to integrate these data comprehensively, the information might be lost
and thus generate errors. In addition, many intermediate steps that may confuse
may be repeatedly performed in the downstream statistical analysis. For
instance, the dissimilarity indices (such as Bray-Curtis, (Un)Weighted Unifrac, Jac-
card, etc.) for the communities of microbes might need to be calculated and
reused in hierarchical cluster analysis, principal coordinate analysis (PCoA),
and permutational multivariate analysis of variance (PERMANOVA), and so on.
If the intermediate data can be effectively integrated and stored, it will improve
the efficiency of analysis, enhance reproducibility and avoid errors.” The R pro-
gramming language has become one of the most popular tools for biomedical
data analysis.'® Some efforts have been made to build common representations
and infrastructures for complex, highly interdependent datasets in R.''" For
example, SummarizedExperiment'? class is widely used to integrate matrix-like
objects of feature abundance, the normalized feature abundance, a sample-
and feature-oriented metadata data frames as a standardized data structure
across many Bioconductor'® packages. To integrate the phylogenetic tree struc-
ture and heterogeneous associated data, we defined the treedata'*'® class,
which has also been widely used in several packages, such as tidytree,'* treeio,®
and ggtree.'® However, these data structures did not cover all the heterogeneous

data of a microbiome experiment, and the existing tools' "~ for the downstream
statistical analysis of the microbiome also did not well integrate the primary het-
erogeneous data and the useful intermediate data. For instance, the phyloseq'’
class is used in the phyloseq,'” microViz,'® and MicrobiomeAnalyst’* packages,
but the data structure can only store the primary input datasets; it cannot
integrate the normalized data and the intermediate data such as the alpha diver-
sity, dis-similarity indices, the result of differential analysis, and so on. The animal-
cules package was developed using the MultiAssayExperiment”® class, and it
cannot integrate intermediate data and the phylogenetic tree, which is often
needed in the calculation of specified dissimilarity ((Un)Weighed UnifFrac). These
data structures for the microbiome cannot take into account the diversified
needs of downstream analysis, which makes it more convenient for some spe-
cific needs, while other needs may be troublesome. Moreover, the differences
in these data structures are too large, which restricts downstream integrated
analysis.

Aside from the data structure defects, downstream statistical, visual, and func-
tional analyses of microbiome data are complex because the appropriate anal-
ysis workflow often needs to be explored and adjusted according to the research
design (such as different sequencing methods: 16S, metagenome, or metatran-
scriptome) and the different statistical methods, which often are developed in
different platforms or packages across various programming syntax and envi-
ronments. There remains a lack of flexible and comprehensive packages that
can streamline the personalized analysis of microbiome data with a unified
and user-friendly syntax. Recently, the tidy concept was proposed and has
gained popularity in the R data analysis community with tidy data tools,”'®
such as dplyr,>* tidyr,* and ggplot2,%° to allow users to freely and easily explore
data and focus more on the special problems. This tidy concept has been applied
to different disciplines, including genomic,?**" transcriptomic,”® functional
enrichment analysis,>® and phylogenetic data analyses.'®*° Through the hu-
man-readable data structure and analysis grammar, these tidy data tools
make it easier for the community to develop modular manipulation, visualization,
and analysis methods, decrease the learning curve for users, and facilitate repro-
ducibility for the related studies.”***' However, this principle of tidiness has not
been implemented in the existing tools'” %2 for microbiome data analysis. This
factor greatly hinders the flexibility and ease of use of downstream data analysis
in this discipline and also limits the possibilities for researchers to explore data
and develop personalized analysis pipelines.

To fill these gaps, we developed the MicrobiotaProcess package. We defined
the MPSE class for storing the microbiome experiment or related ecological data-
set and the related intermediate data for downstream analysis. The MPSE class
defined in MicrobiotaProcess inherits both the SummarizedExperiment'? and the
treedata'“'® classes, which are popular and widely used in the Bioconductor'®
ecosystem. It takes merit from Bioconductor packages that are based on these
two data structures. The importance of data structure is that it is the foundation
for downstream analysis. A good data structure helps to unify the downstream
analysis. When operating on certain data, the associated data in the data struc-
ture can be updated synchronously, which can decrease many errors caused by
improper operations. To make downstream data analysis modular and easy to
use, we introduce a user-friendly grammar (i.e., tidy interface) to process, analyze,
and visualize microbiome data stored in the MPSE data structure. Additionally,
we developed a differential abundance analysis method for finding prospective
biomarkers with a better false-positive rate based on analysis results of real
and simulated datasets (Supplemental file B). All the functions are developed un-
der the tidy framework, which allows users to build human-readable and flexible
analysis workflows. We believe it can remove a major obstacle for scientists to
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Formatted output using tidy-like ¢ options (MPSE_show_tbl=TRUE)

B ## # A MPSE-tibble (MPSE object) abstraction: 4,142 x 11
## # 0OTU=218 | Samples=19 | Assays=Abundance | Taxonomy=Kingdom, Phylum, Class, Order, Family, Genus, Species
## 0TU Sample Abundance time Kingdom Phylum Class Order Family Genus Species
#it <chr> <chr> <int> <chr> <chr> <chr> <chr> <chr> <chr> <chr> <chr>
## 1 OTU-1 F3D0o 579 Early k__Bacteria p__Bacteroidetes c__Ba~ o__Bac~ f__Mur~ g__un~ s__un_f~
## 2 0TU-2 F3De 345 Early k__Bacteria p__Bacteroidetes c__Ba~ o__Bac~ f__Mur~ g__un~ s__un_f~
## 3 0TU-3 F3De 449 Early k__Bacteria p__Bacteroidetes c__Ba~ o__Bac~ f__Mur~ g__un~ s__un_f~
## 4 0TU-4 F3D0 430 Early k__Bacteria p__Bacteroidetes c__Ba~ o__Bac~ f__Mur~ g__un~ s__un_f~
## 5 0TU-5 F3DO 154 Early k__Bacteria p__Bacteroidetes c__Ba~ o__Bac~ f__Bac~ g__Ba~ s__un_g~
## 6 0TU-6 F3D8 470 Early k__Bacteria p__Bacteroidetes c__Ba~ o__Bac~ f__Mur~ g__un~ s__un_f~
## 7 OTU-7 F3D0 282 Early k__Bacteria p__Bacteroidetes c__Ba~ o__Bac~ f__Mur~ g__un~ s__un_f~
## 8 0TU-8 F3De 184 Early k__Bacteria p__Bacteroidetes c__Ba~ o__Bac~ f__Rik~ g__Al~ s__un_g~
## 9 0TU-9 F3De 45 Early k__Bacteria p__Bacteroidetes c__Ba~ o__Bac~ f__Mur~ g__un~ s__un_f~
## 10 0TU-10 F3D0 158 Early k__Bacteria p__Bacteroidetes c__Ba~ o__Bac~ f__Mur~ g__un~ s__un_f~
## # ...with 4,132 more rows

Figure 1. The structure and formatted output of the MPSE class (A) MPSE class instantiates an object capable of storing various data types generated from a microbiome study. It is
built on top of the SummarizedExperiment class. In the assays component, the rows represent features such as OTUs, species, or genes (horizontal), and the columns represent
samples (vertical). The rowData and colData components can hold information (such as metadata) about those features and samples, respectively. It also incorporates the treedata
class, the otutree and taxatree components can store the phylogenetic tree of the features and the species tree of the features, respectively. The refseq component can store the
sequences of features by incorporating XstringSet class. The component can also be extracted via the corresponding extraction functions (composed of 'mp_extract_' and a specific
explanatory term). (B) A tidy-like output of the MPSE class (via ‘options(MPSE_show_tbl = TRUE)'). The rows represent the values (abundance, annotation, or other metadata) of each

feature in each sample.

explore and analyze the microbiome (16S, metagenome, and metatranscrip-
tome) and other ecological data.

RESULTS
A container improving the exploration of the downstream data of the
microbiome

MicrobiotaProcess introduces the MPSE class, which is built on top of the
SummarizedExepriment, and also incorporates the treedata and the XString-
Set™ classes, for storing microbiome or other related assay data, metadata,
and phylogenetic tree data (Figure 1A). The primary matrices data, such as
count matrices and standardized matrices, are stored in the assays defined
in SummarizedExperiment, where rows represent features (such as ASVs/
OTUs and genes, etc.) and columns represent samples. The sample character-
istics are stored in the colData defined in SummarizedExperiment. To store the

phylogenetic tree and associated data, we defined the otutree slot, which in-
herits a treedata class defined in tidytree and treeio. The phylogenetic tree
file that contained the evolutionary statistics inferences and other associated
data can be parsed using treeio and stored in the otutree slot. We also defined
a taxatree slot, which is also a treedata class to store hierarchical relationships
among the taxa and their lineages. The taxatree and otutree components can
be processed and visualized directly via the in-house developed ggtree package
suite (tidytree, treeio, ggtree, and ggtreeExtra). Moreover, the results of the
downstream analysis can also be stored in the MPSE class, which is also
different from existing related packages. For example, we used mp_rrarefy to
rarefy the primary matrices data and added the results into the assays slot,
then used mp_cal_alpha to calculate the alpha diversity of the samples. The
results of alpha diversity were added into the colData slot, which can be visu-
alized further using mp_plot_alpha.
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library (SummarizedExperiment)

library (MicrobiotaProcess)

data (mouse. time.mpse)

assays (mouse. time.mpse)

## List of length 1

## names (1) : Abundance

mouse.time.mpse $<>% mp_rrarefy ()

assays (mouse. time.mpse)

## List of length 2

## names (2) : Abundance RareAbundance

# the alpha indexwill add into colData when action = ‘add’
$<>% mp_cal_alpha (.abundance =
RareAbundance, action = "add")

mouse. time.mpse

print (mouse.time.mpse, n=4)

## # AMPSE-tibble (MPSE object) abstraction: 4,142 X 18

## # OTU=218 | Samples=19 | Assays=Abundance, RareAbundance |
Taxanomy=Kingdom, Phylum, Class, Order, Genus,
Species

## OTU Sample Abundance RareAbundance time Observe Chaol

## <chr> <chr> <int> <int> <chr> <dbl> <dbl>

## 1 OTU_1 F3D0 579 214 Early 104 104.

## 2 OTU_2 F3D0 345 116 Early 104 104.

## 3 OTU_3 F3D0 449 179 Early 104 104.

## 4 OTU_4 F3D0 430 167 Early 104 104.

## #...with 4,138 more rows, and 11 morevariables: ACE <dbl>,
## # Shannon <dbl>, Simpson <dbl>, Pielou <dbl>,

## # Kingdom <chr>, Phylum <chr>, Class <chr>, Order <chr>,
## # Family <chr>, Genus <chr>, Species <chr>

Family,

Each component of the MPSE class can be extracted by the self-explanatory
function names, prefixed with ‘mp_extract_’ and followed by a specific explana-
tory term (see also Accessors to fetch internal data in the Methods session)
(Figure 1A). In the following example, we used mp_extract_assays to extract
the assays component and mp_extract_sample to extract the colData component
that contained sample metadata.

rare.tb <- mouse.time.mpse %$>% mp_extract_assays (.abun-
dance = RareAbundance)
sample.da <- mouse.time.mpse $>% mp_extract_sample ()

Through the MPSE class, all related data and results relevant to a microbiome
experiment can be stored in a single instance, which enables improved
exploration of the downstream data, facilitates data sharing, and enhances
reproducibility.

Bridging the upstream analysis tools and MPSE constructor

The output files of the upstream analysis of the microbiome are various and
usually not human friendly. The first challenge that researchers should
encounter is frequently learning how to parse these output files. The phyloseq
provided some functions to parse the output of common upstream analysis
tools for the 16S rRNA dataset, but not for metagenomics or the output of
commonly used tools (giime2, dada2). To address the need for multiple types
of microbiome data (16S rRNA, metagenomics, and other related ecological
data) as well as output obtained from commonly used tools, MicrobiotaProcess
provides several functions to parse the output of the upstream analysis of the
microbiome (Figure 2A). To enhance the interoperability with other R packages,
MicrobiotaProcess also provides as.MPSE to convert common S4 objects
defined in the Bioconductor ecosystem, such as phyloseq, biom,*> Summarize-
dExperiement, and TreeSummarizedExperiment. All of the parse functions and
the convert functions output the same object type, MPSE, making them consis-
tent and robust for downstream manipulation. In addition, an MPSE class can
also be constructed by calling the function of the same name with the required
parameters (see also the parser functions and the MPSE constructor in the
Methods session). Here, we used as.MPSE to convert a biom object, which is
the output of read_biom of biomformat,*® to an MPSE object and used the
MPSE function to build an MPSE object from scratch.

library (MicrobiotaProcess)

library (biomformat)

biom file <- system.file("extdata",
ble.biom", package = "biomformat")
xx <- read_biom(biom_file)

# convert to an MPSE object using as.MPSE function

mpse2 <- xxX $>% as .MPSE ()

library (MicrobiotaProcess)

library (vegan)

data (varespec, varechem)

# building an MPSE object using MPSE function

mpsel <- MPSE (assays=1ist (Abundance=t (varespec) ),
colData=varechem)

"rich_ sparse_otu_ta-

Through these functions, MicrobiotaProcess can bridge the upstream analysis
tools and address the need for downstream analysis based on the MPSE class
(Figures 2C1 and C2). It supports multiple types of data and we will describe
some case studies using MicrobiotaProcess to analyze 16S rRNA, metagenom-
ics, Kyoto Encyclopedia of Genes and Genomes (KEGG) gene datasets, and
related ecological data in the following sections.

The unified tidy framework analysis grammar

To facilitate data manipulation and exploration of the microbiome or other
ecological data based on the MPSE, MicrobiotaProcess defined a tidy-like
format output for the MPSE class (Figure 1B). The assays of MPSE are con-
verted to a tidy format, in which three columns (feature identifiers, sample,
and feature abundance) are fixed, and each row represents the abundance of
each feature in each sample. Optional columns include the taxonomy annota-
tion and sample metadata information or newly calculated information. Micro-
biotaProcess provides a unified analysis grammar to express all the steps of a
typical microbiome community analysis workflow using self-explanatory func-
tion names, which are composed of ‘mp_’, a specific verb, and one or two
explanatory terms (Figures 2C1 and C2). Moreover, MicrobiotaProcess extends
the dplyr verbs to support processing data stored in an MPSE object (Figure 2B).
Following the concept of tidiness, these verbs provide robust and standardized
operations for data analysis and transformation and can be assembled into a
workflow using the pipe operator (%>% or |>). This enables users to effectively
analyze ecological data, such as metagenomic data, and easily build reproduc-
ible and human-readable pipelines.

Differential abundance analysis

Potential disease microbiota biomarkers or probiotic microbiota can be
detected by differential abundance analysis. Although there are many tools
available, it remains challenging to obtain a good false-positive control>* To
identify the more conservative differential taxa, we developed mp_diff_analysis.
We found our method can limit the false positive rate with a better balance
of type | and type Il errors when compared with metagenomeSeq,*° LEfSe*®
ANCOMBC,®" LinDA® and ZicoSeq™ in different datasets simulated from log-
normal and normal distributions with different means and standard deviations
(Figures SB.3—SB.12). We additionally evaluated the mp_diff_analysis and other
tools using 10 real 16S rRNA datasets.*° ¢ We found that our method tends
to identify a relatively small number of significant ASV (Figures SB.13—-SB.15).
The significant ASV detected by our methods tended to also be detected by other
tools (Figures SB.14 and SB.15). Because of the design of the LEfSe, we were un-
able to obtain the p values of all features to be corrected using a false discovery
rate (FDR). To maintain consistency, we applied the Bonferroni method to the re-
sults of each tool by dividing the p value threshold by the total number of features
examined as a new threshold. We found the results of our method (using both
Bonferroni and p value modes) are similar to the results obtained by other tools
using Bonferroni mode (Figure SB.13). The results are similarly consistent with
the results using simulated data, which suggests that, although our method
may lose some sensitivity, it is more conservative and accurate.

Interface to integrate external data
To improve interoperability between the MicrobiotaProcess and other
tools, we implemented left_join, which was inherited from the tidyverse
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Figure 2. Overview of the design of the MicrobiotaProcess package (A) The package provides several functions to import upstream analysis results (mp_import_giime2, mp_im-
port_metaphlan, and mp_import_dada2, etc), several converters (as.MPSE methods) to import data from other objects, and a method (MPSE) for building an MPSE object from scratch.
Unifying downstream data processing and data analysis through MPSE objects. (B) Some functions provided in the dplyr and tidybulk packages are compatible with MPSE objects. (C1

and C2) MicrobiotaProcess provides a wide variety of functions for routine microbiome analysis. The functions were designed to follow the tidy principle.
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Figure 3. Characterizing gut microbiota in patients with CD (A) The rarefaction curves of the sample from CD and control groups (visualized by mp_plot_rarecurve). (B) The alpha
diversity boxplot between the CD and control groups, and labeled with the p value calculated by Mann-Whitney U test (visualized by mp_plot_alpha). (C) The PCoA plot and the result of
Adonis with PERMANOVA (visualized by mp_plot_ord). (D) A cladogram displayed the hierarchical clustering result of the samples based on the OTU abundance, and a bar chart
displayed the relative abundance at the phyla level (visualized by ggtree and ggtreeExtra). (E) The relative abundance bar chart at the class level for each group. (F) Cladogram of the
significant differential taxa, with the highlighted clades representing the differential species, was enriched in the corresponding group. The colored points represent the differential

taxa, and the sizes were scaled by the FDR (kruskal.test) (visualized by mp_plot_diff_res).

ecosystem,® to integrate the external data. Any data frame that contains
the same sample or OTU column as in the MPSE class or dist class,
where the sample distance metrics that are stored can be integrated us-
ing left_join, and then the following analysis can be done with the func-

tions provided by MicrobiotaProcess. So that users can integrate sample
dis-similarity indices calculated by user-defined distance metrics to
an MPSE object, PCoA and the differential analysis of the dissimilarity
indices can be performed using mp_cal_pcoa, mp_plot.ord, and
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Data visualization

Visualization is an important aspect of the
exploration and interpretation of microbiome
data. To help users quickly render clear, mean-
ingful, and comprehensive visualizations that
give useful microbiome insight, especially
through the integration of different data, we
developed many visualization methods based
on ggplot2, ggtree, and ggtreeExtra, which are
composed of ‘mp_plot_, and one or two explana-
tory terms (Figure 2C2). These approaches have
the advantage of allowing the visualization re-
sults to be a proper ggplot or ggtree object*®
(mp_plot_diff_cladogram and mp_plot_diff_res),
which can be modified, inspected, and reused
with the universal and concise ggplot2 or ggtree
syntax (Figures SA.10, SA.13 and SA.17).

0.1 2 3 45
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mp_plot_dist (Figure SA.20). More important, the results of differential
abundance analysis performed by other external software tools (e.g.,
ACNOMBC, ZicoSeq, and LinDA) can be stored in a data frame containing
a column of OTU, a column of enriched groups, and other statistical re-
sults such as p values or FDR values and integrated into an MPSE
object. After that, we can use this information in a downstream analysis
or use MicrobiotaProcess to visualize the data to facilitate the interpreta-
tion of the results (Figures SA.21-SA.24). Through the interface,
MicrobiotaProcess can better interact with other metagenomic bioinfor-
matics tools.

of alpha diversity showed that the richness of

the CD's microbiota community was significantly

lower than the control's (Figures 3A and 3B); the
evenness of the microbiota species between the CD and control group did not
have a significant difference, but the median of the diversity of the CD group
was higher than the control group (Figure 3B). We also found the nearest relative
index (NRI) of most samples was larger than zero, and the NRI of the CD group
was significantly lower than the control's using the mp_cal_pd_metric and
mp_plot_alpha of MicrobiotaProcess (Figure 3B). This means most communities
whose species are more closely related than under random assembly.®' But the
control group's is more phylogenetically clustered than the CD group’s, which
suggests the bacterial composition of the CD group might have been more
influenced by the competitive exclusion than the control group.° Then the
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Figure 5. Comparing functional profiles between the CD and control groups, and characterizing mosquito community structure with the raincloud plot of the alpha diversity and the
PpCCA plot of the mosquito communities (A) The Category-Gene Network was used to visualize KEGG enrichment results between the CD and control groups. (B) The dot plot of the
KEGG enrichment results. (Visualized by cnetplot and dotplot provided by the enrichplot package). (C) The alpha diversity result showed that the mosquito species richness gradually
increases from field to forest (visualized by mp_plot_alpha). (D) The pCCA result showed that the mosquito communities were significantly associated with some environment
landscape variables, such as grassland (Grassland), evergreen tree canopy (EvergreenForest), and deciduous tree canopy (DeciduousForest). Each point represents one sample and the
corresponding data of the samples are encoded as visual characteristics of the points (observe species as to size, habitat as to color, and the region as to shape). The arrows represent
the environmental factors and the asterisks indicate significant levels related to the Mosquito communities in the study (*0.05, **0.01, ***0.001) (visualized by mp_plot_ord).

PCoA and the adonis with PERMANOVA results revealed that the microbiota com-
munities between the CD and control group had significant differences (Fig-
ure 3C). We also found that Proteobacteria might be more abundant in CD by
combining the hierarchical relationships and the phyla abundance presented
as the horizontally stacked bar charts (Figure 3D).

To further investigate the relationship between the microbial communities
and CD, we used mp_cal_abundance and mp_plot_abundance to display the

abundance of class level, this result showed that the abundance of Gammap-
roteobacteria belonged to Proteobacteria might be enriched in the CD group
(Figures 3E and SA.6). Next, we used mp_diff_analysis to identify the different
OTUs, the result also revealed that the OTUs significantly enriched in the CD
group mainly belong to Proteobacteria, whereas the OTUs significantly en-
riched in the control group mainly belonged to Firmicutes and Actinobacteria
(Figures 3F and SA.13). To identify the clades of closely related species at a
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Figure 6. The results of differential 0TUs are based on the edgeR_quasi_likelihood method using tidybulk (A) The relative abundance heatmap of the different OTUs (visualized by
the mp_plot_abundance function). (B) The hierarchical cluster of samples is based on the relative abundance of the different 0TUs (visualized by ggtree). (C) The hierarchical cluster of
OTUs is based on their relative abundance across different samples, the differential OTUs were labeled with their names (visualized by ggtree).

broader resolution on the phylogenetic tree, we calculated the balance score
of internal nodes of the phylogenetic tree using mp_balance_clade and iden-
tified the differential clades using mp_diff_analysis. Most of the differential
clades near the tips of the tree were significantly different species, such as
0TU_44/0TU_25 (both belong to Lachnospiraceae), and OTU_47/0TU_102
(both belong to Clostridiales). We also found some differential clades contain
closely related species that were not detected in the previous differential
analysis, such as 0OTU_454/0TU_97 (both belong to Clostridiaceae
SMB53), 0TU_152/0TU_233 (both belong to Lachnospira) (Figure 4A), and
so on. These results suggested that the balance transform can improve
the detection of differential signals by accumulating the small consilient dif-
ferences at a broader resolution (internal nodes of different depths on the
phylogenetic tree) and thus enhances the ability to discover biological asso-
ciations and interpret the results at different resolutions (Figures 4B and 4C).
In addition, compared to the differential OTUs, the significantly differential
clades can effectively improve the supervised classification accuracy in
the CD microbiota datasets (Figure 4D). Similar results can also be observed
in other inflammatory bowel disease studies (Figure SB.1), which indicates
that the identification of differential clades after phylogenetic transformation
can improve the performance of classification models to determine
associations with clinical outcomes. Through the tidy-like unified grammar
of MicrobiotaProcess, the alpha and beta diversity of the stool microbial
communities between CD patients and controls can be explored rapidly.

The differential microbial organisms and clades at a broader resolution on
the phylogenetic tree between the CD patients and the control groups can
also be identified and visualized intuitively.

Example 2: Differential abundance analysis and functional
characterization of metagenomic data. The metagenomics taxa abundance
and KEGG gene abundance datasets were obtained from another pediatric CD
study.”® We used the mp_diff_analysis function to identify the differential species
and genes, followed by KEGG pathway enrichment analysis of differential genes
using clusterProfiler and MicrobiomeProfiler.>® We found the Clostridium symbio-
sum and Faecalibacterium prausnitzii were nominally (uncorrected p < 0.05,
FDR > 0.05) significant-enriched in the CD group compared with the control
group (Figures SA.28 and SA.29). Interestingly, the KEGG enrichment results
showed that the KEGG pathways of the CD stool group were significantly en-
riched in the biosynthesis of amino acids and glycine, serine, and threonine meta-
bolism, and pyruvate metabolism (Figures 5A and 5B). Although these results are
not revealed in the original paper,*® it is consistent with other related studies.
These studies have found that CD microbiomes have the potential to enhance
synthetic amino acids and pyruvate metabolism.*>>*%° Interestingly, enrichment
analysis using differential KEGG genes identified by other differential abundance
methods cannot identify these two pathways simultaneously (Figure SB.2). In
this example, we use MicrobiotaProcess for a differential abundance analysis,
and then use the in-house developed packages, clusterProfiler and Microbiome-
Profiler, for functional enrichment analysis. The combination of these packages
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facilitates the functional interpretation of metagenomic data and the discovery of
functional signatures that leads to disease progression.

Example 3: Analyzing environmental-trait interactions in ecological
communities. The dataset is from a study on the landscape ecology of mos-
quito communities in North Carolina for determining the risk for vector-borne dis-
ease.”® Three agricultural/mixed-use landscapes (regions) were selected. Within
each region, three 200-m transects that spanned a field-forest habitat gradient
were identified, and five traps were set for each transect to collect mosquitoes.®®
Here, we used MicrobiotaProcess to calculate alpha diversity and visualize the
patterns of the community composition to evaluate whether the mosquito com-
munity structure was influenced by spatial variability.

We found that the richness of the mosquito species was significantly associ-
ated with the habitat with mean richness increasing from field to forest
(Figure 5C). The partial constrained correspondence analysis (pCCA) result
showed that the mosquito communities were significantly associated with
some environmental landscape variables, such as grassland (Grassland),
evergreen tree canopy (EvergreenForest), and deciduous tree canopy
(DeciduousForest) (Figure 5D). The mosquito species showed a clear preference
for forested or field habitats (Figure SA.31). These results were consistent with
the findings of the original study.®® This example shows that MicrobiotaProcess
can be used not only for analyzing microecological data but also for general
ecological data, helping us to discover the impact of environmental factors on
community structure and functions.

Example 4: Interact with existing tools. Because the MPSE class inherits
SummarizedExperiment, the methods developed for SummarizedExperiment
can also be applied to an MPSE object. For example, the tidybulk package pro-
vides a test_differential_abundance to perform differential transcriptome analysis
using edgeR®’ quasi-likelihood, edgeR likelihood-ratio, imma-voom, limma-voom-
with-quality-weights, or DESeq2.%® These methods can be directly applied to an
MPSE object within the tidy framework for differential abundance analysis and
indeed they have been reported for analyzing microbiome data.*** Here, we
re-analyze example 1 by using the test differential_abundance function to
perform the differential analysis based on the edgeR quasi-likelihood. Then the
result was extracted by the mp_extract_tree function and can be manipulated
and visualized using the ggtree package suite.

Compared with the results of example 1, the number of the differential 0TUs
identified by edgeR is higher (Figure SA.18) and the main conclusions are consis-
tent. We found the abundance of OTUs belonging to Bifidobacterium, Faecalibac-
terium, Roseburia, and Coprobacillus was also significantly decreased in the CD
group compared with the control group, and the abundance of several OTUs
belonging to Escherichia, Klebsiella, and Haemophilus, which belonged to Gam-
maproteobacteria, was significantly enriched in the CD group (Figure 6). Micro-
biotaProcess is able to interoperate with existing tools, including tidybulk, dplyr,
ggtree package suite, clusterProfiler, and MicrobiomeProfiler, which we have
demonstrated earlier. Moreover, the left_join method allows the integration of
external data, including the sample distance and differential analysis results
mentioned above. This enables users to quickly integrate new methods as
they emerge in the future. These features significantly enhance MicrobiotaPro-
cess' capabilities. It can connect upstream data, unify downstream analysis,
and easily integrate into existing analysis pipelines.

DISCUSSION AND CONCLUSION

Microbiomics technologies have become increasingly popular methods
for exploring the relationship between microbial communities and the
host or the environment (e.g., intestine, skin, soil, and the ocean).' %06
Data analysis is still one of the bottlenecks in this field, especially
in downstream analysis, the integration of heterogeneous data and
the need for personalized analysis have brought new challenges.
MicrobiotaProcess provides a comprehensive data structure, the MPSE
class, to store heterogeneous microbiome data, including feature (e.g.,
species, OTUs) abundance, sample data (e.g., clinical information), and
feature data (e.g., taxonomic relationships, functional profiles). Moreover,
simultaneously with the analysis, intermediate results can be stored in an
MPSE object. For example, the normalized or rarefied data, the diverse
dissimilarity metrics, and the results of the differential analysis can be in-
tegrated with the microbiome data into an MPSE object. These interme-
diate results can be further processed, visualized, and reused. This can

ARTICLE

prevent repeated calculation, facilitate data sharing, and enhance ana-
lytic reproducibility. MicrobiotaProcess implements a set of functions
within the tidy principles to unveil the characteristics and biological
function of microbial communities in a diverse environment. The
returned values of these functions are predictable and consistent. Each
function is designed to accomplish a simple task and these functions
can be combined to accomplish complex tasks. In this way, it has better
flexibility, and the development of workflow through function series
can meet most of the personalized analysis needs. Considering the
interoperation between MicriobiotaProcess and other tools, some func-
tions developed by other software can be applied to MPSE objects, mak-
ing the downstream analysis function more comprehensive and having
wider application scenarios. For example, differential analysis using
tidybulk and functional analysis using clusterProfiler can be integrated
into the analysis of the microbiome and other ecological data through
MPSE objects.

MicrobiotaProcess provides several functions to parse outputs obtained
from upstream tools and allows converting commonly used objects to
MPSE objects (Figure 2A). This enables the functionalities provided by
MicrobiotaProcess to be well connected to upstream analysis. The down-
stream analysis results need to be interpreted through visualization.
MicrobiotaProcess provides several functions for visualization. More impor-
tant, the tidy interface extracts relevant data and connects to the visualiza-
tion functions developed by the R community, allowing users to have
more options for visual exploration and presentation of data. For example,
differential analysis results can be extracted by mp_extract_tree, followed
by a visual exploration of the result via the ggtree package suit
(Figures 4A and 6). Although MicrobiotaProcess was mainly designed for
analyzing microbiome data, some of its methods, such as alpha, beta
diversity, (partial) constrained correspondence analysis (pCCA or CCA), and
redundancy analysis (RDA)°° are also applicable to other ecological data
(Figures 5C and 5D). In addition, MicrobiotaProcess implements several
methods from scratch, including the mp_cal_pd_metric for calculating
several phylogenetic diversity metrics by combining the phylogenetic tree
and the species abundance of a community (Figure 3B), the mp_diff_analysis
for identifying potential biomarkers with better control of the false-
positive rate (Figures SB.3—SB.6), and a phylogenetic transform function
(mp_balance_clade) for identifying differential clades of related bacteria at
different resolutions on the phylogenetic tree (Figures 4A and 4C). Using dif-
ferential clades can improve the performance of the supervised classification
model (Figures 4D and SB.1), which can be used for disease diagnosis.

Methods of microbiome data analysis are rapidly evolving. Some new
methods not in the MicrobiotaProcess package will be developed by other soft-
ware, such as the generalized Lotka-Volterra model for the analysis of microbial
interactions,®® LinDA, and ZicoSeq for the differential abundance analysis of
microbiome data. Through the left_join method, users can integrate the analysis
results of these new methods into an MPSE object, and the results can be
explored, visualized, and further analyzed using the functions implemented in
MicrobiotaProcess (Figures SA.20—SA.24). Compared with other related tools,
MicrobiotaProcess has many unique advantages (Figure SA.33), and we will
develop more functions as needed in the future. In summary, we believe that
MicrobiotaProcess will be a valuable resource for analyzing microbiomes and
other ecological data.

MATERIALS AND METHODS
More information is available in the supplemental information file.

Data availability

The MicrobiotaProcess R package is open source and freely available on Bioconductor
(https://bioconductor.org/packages/MicrobiotaProcess) and GitHub (https://github.com/
Yulab-SMU/MicrobiotaProcess). R markdown files and datasets that are used to generate
the supplemental files are available on GitHub (https://github.com/YulLab-SMU/MP_
supplementary_file).
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