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The growth of omic data presents evolving challenges in data manipulation,
analysis and integration. Addressing these challenges, Bioconductor
provides an extensive community-driven biological data analysis

platform. Meanwhile, tidy R programming offers a revolutionary data
organization and manipulation standard. Here we present the tidyomics
software ecosystem, bridging Bioconductor to the tidy R paradigm. This
ecosystem aims to streamline omic analysis, ease learning and encourage
cross-disciplinary collaborations. We demonstrate the effectiveness of
tidyomics by analyzing 7.5 million peripheral blood mononuclear cells from
the Human Cell Atlas, spanning six data frameworks and ten analysis tools.

High-throughput technologies for genomics, epigenomics, tran-
scriptomics, spatial analysis and multi-omics have revolutionized
biomedical research, presenting opportunities and challenges for data
manipulation, exploration, analysis, integration and interpretation’.
To address these challenges, the scientific community has developed
object-oriented frameworks for data organization and specialized
operations.

Inresponse to the complexity of the software landscape, Biocon-
ductor? hasemerged as a premier R software repository and platform
for omic dataanalysis. Bioconductor provides international standardi-
zation and interoperability for data processing workflows and statisti-
cal analysis. With extensive annotation resources and standardized
data formats that link metadata, Bioconductor promotes reproduc-
ibility and community-driven open-source development.

Recently, the tidy R paradigm and the tidyverse software ecosys-
tem® have transformed R-based data science by prioritizing intuitive
data representation and manipulation over complex data structures

and syntax. This paradigm uses tables to represent data, with variables
as columns and observations as rows. It simplifies data manipulation
with operations connected in pipelines that use standardized and
natural language vocabulary. The components of the tidyverse rank as
the most frequently downloaded R packages* and are widely taughtin
Data Science and Bioinformatics programs worldwide’.

Bioconductor hasremained largely independent of the tidyverse
ecosystem. Creating abridge between these two ecosystems by pro-
viding a tidy interface to standard data formats®® and analysis® would
enable researchers to shift their focus from technical challenges to
biological questions. Also, leveraging a standard in data science
education would lower the barrier to entry for analyzing diverse
omic data.

In this Brief Communication, we present tidyomics, an inter-
operable software ecosystem that bridges Bioconductor and other
omic analysis frameworks (for example, Seurat’) with the tidyverse.
This ecosystemisinstallable with a single meta-package, availablein

A full list of affiliations appears at the end of the paper. *A list of authors and their affiliations appears at the end of the paper.
e-mail: papenfuss@wehi.edu.au; michaelisaiahlove@gmail.com; stefano.mangiola@adelaide.edu.au

Nature Methods | Volume 21| July 2024 | 1166-1170

1166


http://www.nature.com/naturemethods
https://doi.org/10.1038/s41592-024-02299-2
http://orcid.org/0009-0001-6242-4269
http://orcid.org/0000-0003-0423-9679
http://orcid.org/0000-0002-4801-1767
http://orcid.org/0000-0003-4051-3217
http://orcid.org/0000-0001-7721-9359
http://orcid.org/0000-0002-7092-9427
http://orcid.org/0000-0002-4146-7083
http://orcid.org/0000-0002-4390-0768
http://orcid.org/0000-0002-2574-073X
http://orcid.org/0000-0002-5061-7581
http://orcid.org/0009-0002-8433-9281
http://orcid.org/0000-0002-0707-5588
http://orcid.org/0000-0003-3071-7363
http://orcid.org/0009-0009-1766-7032
http://orcid.org/0000-0001-6298-7099
http://orcid.org/0000-0002-7739-8913
http://orcid.org/0000-0002-3867-0232
http://orcid.org/0000-0002-5874-8148
http://orcid.org/0000-0003-1179-8436
http://orcid.org/0000-0002-7858-0231
http://orcid.org/0000-0002-8862-9043
http://orcid.org/0000-0002-7182-2592
http://orcid.org/0000-0002-1102-8506
http://orcid.org/0000-0001-8401-0545
http://orcid.org/0000-0001-7474-836X
http://crossmark.crossref.org/dialog/?doi=10.1038/s41592-024-02299-2&domain=pdf
mailto:papenfuss@wehi.edu.au
mailto:michaelisaiahlove@gmail.com
mailto:stefano.mangiola@adelaide.edu.au

Brief Communication

https://doi.org/10.1038/s41592-024-02299-2

Transcriptomics Genomics

Cytometry Proteomics

SCE, SPE, Seurat object a @

@‘ plyr

Tulangey G

<%
tidytof

QP

=

yd

@

b d
,--4  as_tibble(SE), as_SE(tibble) - - as.tibble(.) |onnon. . ddyormics users
; ' Documentation
: al . New tidyomics &.. Workflows
: developer . ! Tutorials
H s as.Seurat(SCE) < @s_SCE(tof_tbl) - | a
: eurat as.SCE(Seurat) as_flowSet(tof_tbl) o o
: gezglrg;f:r ! Workshops
: | community , -’ tidyomics
l N buti ackages
: . . guidelines
1| aggregate_cells(SCE) pivot_transcript(SCE/SPE) ?. Proot s
| aggregate_cells(Seurat) SCE/SPE |>*_join(GRanges) Y @ Community-led development .

pivot_transcript(SE)
ol ~1 SE[|>*join(GRanges) [ >

%der community

Bioconductor,

tidyverse,
Seurat, ..
Simple Complex Genomics Transcriptomics Cytometry Proteomics
language outcome
Summarized- SingleCell- Spatial- flowSet
GRanges Experiment Exp, Seurat Experiment
Data ------- > :
ﬂ Future plans
N < 1 - i
—_ Q@
Analyses ---------- Diverse, domain-specific analyses

1

Manipulation  ----------------

Common grammar

group_by(patient/cell label/overlaps)
mutate(), summarise(), nest(), join_features(), join_overlap()

Wide format EEEEN Long format EER Nested [l [0 Nested table
e |
Data -
structures B
[ ]
[ ]

|

Visualization

,,,,,,,,,, Common grammar

ggplot2 plotly

Low High o 8%¢
Complexity

Fig. 1| Overview of the tidyomics ecosystem. a, Diagrams of data interfaces
show consistent data representation for the diverse data containers. The

hexagonal icons represent the compatible R packages for each data container.

b, Thelandscape of rich data objects in R/Bioconductor, with tidyomics verbs
as paths connecting these objects. The data containers are represented by
rounded rectangles and functions that connect them as white boxes. SPE,
SpatialExperiment; SCE, SingleCellExperiment; SE, SummarizedExperiment.

¢, Left: contrast between the simplicity of the tidy syntax/grammar and the
complex outcome and input data containers. Right: example workflows include
data, biological analysis, data/results manipulation and summarization, diverse
datastructures, visualization and resulting plots. The pink areas include the
infrastructure that shares grammar across omics. d, Engagement within the
tidyomics community is multifaceted, centering around a suite of R packages
tailored for streamlined data analysis.

Nature Methods | Volume 21| July 2024 | 1166-1170

ne7


http://www.nature.com/naturemethods

Brief Communication https://doi.org/10.1038/s41592-024-02299-2

a b c
€
8
L
HUMAN g, oo
¢ CELL Pseudobulk 5 2
ATLAS )
\ £ 2 002
Summarized o
! 7.8M| Blood cells iy 28,759 3 I I I
\ 3,355| Samples . pseudo-samples & o Vase
26| Cell types : o ARESANASSAARARRARRARSAARSSE
i 50wZe55EESES 0SS PESQESISE
IENE Filter samples E é%%es SEEXLEAS §§%§§ 22
S Multilevel DE =] SEE 2 gg"u“’g S5 6“8 gi
: f R | g
15,494 pseudosamples analysis © g
0 Cell types
RCEES Merge results 8 300 ngﬁivL'/_\.
s g 200 > ,
M 100 © gx10°
- Azimuth PBMC Keep abundant iy = o - g 9 1
gene transcripts oy ke & memory \;\ T 1x10% !
| E e e ! I ! 3 1
SingleR | Bluepri 3 MNewecRtl, * I o CP40 A pusto
in rin o 2
W e gle ueprint Calculate gene s € cpigmone oe [ I 2 i
B Monaco dispersion 8 NavecDs sese g GPRI |
S D14 mono . ° Soxs.. <™
- Integration + ER e
Parallelize by UMAP f n =26 cell types 8 "% kep smNcF4
gene chunk 5 \ E NETa
- x vs
(8 B Annotation 5 3 . & e a
O consensus oRanges| 18 £ MYRF
i 9| GWAS SNPs 5 s 2x10° ;
g g EE . / 2x10° 0x10° 2x10°
7.8M Simplify \ = Genomici d_% £ : N Distance from SNP to gene TSS
o0 cells confounders proximity ) )
[ A 0 0.010.020.03 Disease
/ & Proportion significant ® MS @ RA @ SLE @ MS+SLE
genes SNP type

@ Intergenic w Intronic

Generalized linear model for each cell type and gene: counts ~ 1+ age x sex + ethnicity + technology + cell_count + (1 + age x sex + ethnicity | study) + UTR3 x UTRS

9 Genomic distances between range sets Transcriptomics signature calculation
Standard tidyomics Standard tidyomics
# Fix the 5' position of ranges 1 # Extract count data
ranges_1_5p <- resize(ranges_1, width = 1) - counts_positive <- assay(single_cell, "logcounts")[c("CD3D", "TRDC"), ]
Ranges2_mid <- ranges_2 |> # Collect signature
# Fix the center position of ranges 2 ) # Calculate positive signature single_cell |>
ranges_2_mid <- # Fix the center of ranges 2 sum_positive <- colSums(counts_positive) join_features(
ranges_2 - ifelse( anchoricgnteri() > scaled_positive <- rescale(sum_positive, to = ¢(0, 1)) c("CD3D", "TRDC", "CD8A", "CD8B")
width(ranges_2) %% 2 == 0, mutate(width =1) )|>
width(ranges_2)/2-.5, # Extract count data
floor(width(ranges_2)/2) Ranges._1 |> counts_negative <- assay(single_cell, "logcounts")[c("CD8A", "CD8B"), 1 # Perform arithmetic
) o . mutate(
# Fix 5' position of ranges 1 # Calculate negative signature signature_score =
# Compute distances anchor_SP() |>_ sum_negative <- colSums(counts_negative) rescale(CD3D + TRDC to = ¢(0, 1)) -
hits <- distanceToNearest( mutate(width =1) |> scaled_negative <- rescale(sum_negative, to = c(0, 1)) rescale(CD8A + CD8B, to = c(0, 1))
ranges_1_5p, ranges_2_mid . ) I>
) #add dlstance§ to center # Perform arithmetic
addfnearestffi\stance( single_cell$signature_score <- scaled_positive - scaled_negative #Filter cell positive for signature
# Add distance information ranges2_mid filter(signature_score > 0.7)
ranges_1$distance[queryHits(hits)] <- ) # Filter cell positive for signature
mcols(hits)$distance single_cell filtered <- single_cell[, single_cell$signature_score > 0.7]
h tidySingleCellExperiment  tidyseurat tidySummarizedExperiment tidybulk tidySpatialExperiment  Plyranges tidytof
8 o

Variables
(count)

D

15 o

] ——t .
—

Lines
(count)

Time
(ms)
> B ®
o 8 8 8o
Il Il Il Il
o
: (&

3 S & N S & S N @ NS @ S & 2 = RS @ \& <@ v &
y & Q\Q@% (oyf, v @cﬁ’ Q\\>in (OS*"% e QS & %qu;@ %\3&@ N F & o&% @Qw S %S"% S @&@Qfo <,)\5,\" s T & R L @»\‘ 030 %\?% e
) N 5 ) N (S N N K N N S N v S & AN S S & N N o
& & ¥ & & & & ® ¥ T & & e € &a@ ¥ 5 © <
Operations

Method —e— Standard —e— tidyomics

Bioconductor. tidyomicsincludes three new packages: tidySumma-  data containers and methods unaltered, ensuring compatibility
rizedExperiment, tidySingleCellExperiment and tidySpatialExperi-  with existing software, maintainability and long-term Bioconduc-
ment, and five publicly available R packages: plyranges®, nullranges’,  tor support.

tidyseurat’, tidybulk® and tidytof'. Importantly, while tidyomics Within Bioconductor, GenomicRanges" organizes genomic
represents omic datain atidy format (Fig. 1a), it leaves the original  features as ranges (for example, genes, exons, single-nucleotide
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Fig.2|Performance of the tidyomics ecosystem. a, tidyomics powers
large-scale cross-framework analyses. The logos represent data and analysis
frameworks. The connecting lines represent pipelines, colored by object type.
Parallel lines represent parallel workflows. b, Pseudosample UMAP, colored

by cell type. NK, natural killer. ¢, Rank of cell types from the most to the least
changed across sexes, colored as per b. d, Large gene overlap across the top nine
celltypes for sex effect or its interaction with age. e, Overlap of sex-related genes
in CD4 naive cells with GWAS SNPs for multiple sclerosis, rheumatoid arthritis
and systemic lupus erythematosus. MS, multiple sclerosis; RA, rheumatoid
arthritis; SLE, systemic lupus erythematosus. f, Fraction of significant

(FDR <0.05) genes for age-independent sex effect or sex-age interaction.

The box plot center line represents the median value, and the lower and upper
hinges represent the first and third quartiles. The lower whisker extends from

the lower hinge to 1.5times the interquartile range or the lowest value. The upper
whisker extends from the upper hinge to 1.5 times the interquartile range or the
highest value. g, Comparison of code readability between standard and tidyverse
programming. Two tasks showcased are visualizing a histogram of genomic
distances (left) and calculating a multi-gene signature from single-cell data
(right). h, The benchmark of variables, lines of code and time efficiency of our
ecosystem compared with standard (non-tidy) coding. The operations include
common manipulations and analysis for each package (Methods).

polymorphisms (SNPs) and CpGs) in rows, linked with variables (for
example, range width) as columns (like the BED" format). plyranges®
extends dplyr verbs to GenomicRanges objects, facilitating ranges inte-
gration, overlap analysis, summarization and visualization. plyranges
interacts with nullranges for matching" or bootstrapping’ ranges to
perform overlap enrichment analyses.

In Bioconductor, SummarizedExperiment and SingleCell-
Experiment'* organize transcriptional abundance as a feature/
gene-by-sample matrix linked with metadata. tidyomics general-
izes the concept of the variable by providing a tabular interface with
observations (for example, gene-sample pair) as rows and variables
(for example, abundance and metadata) as columns. This approach
enables complex filtering, summarization, analysis and visualization
using the tidyverse. tidybulk® offers a tidy and modular analysis pipe-
line for bulk and pseudobulk data.

Bioconductor’s flowCore" package organizes data from
mass, flow and sequence-based cytometry in a cell-by-feature
matrix and facilitates data manipulation. tidytof'™ interfaces
flowCore with the tidyverse, tidySingleCellExperiment and
tidySummarizedExperiment.

Bioconductor’s SpatialExperiment'® organizes data from cell- or
pixel-based technologies”, such as10x Genomics Xenium, CosMX, Mibi
and MERSCOPE. tidySpatialExperiment offers a tidy interface for data
with spatial coordinates and provides specialized operations such as
gating based on geometric and hand-drawn shapes.

tidyomics is a unified and interoperable software ecosystem for
omic technologies that covers several omic analysis frameworks.
Through conversion and join operations, anetwork of functionalities
connectsall data containers (Fig. 1b). This harmonized approach facili-
tates seamless container switching, decreasing the dependence on a
specific framework created by domain-specific syntax and effectively
increasing the umbrella of used tools (Fig. 1c).

To demonstrate tidyomics’ utility and scalability, we tested sex
transcriptomic differences of the peripheral immune system across
7.5 million blood cells. Our ecosystem seamlessly bridged six data
and analysis frameworks (Fig. 2a), showcasing the benefit of consist-
ently using tidy R grammar instead of mixing the syntaxes of base R,
DuckDB, Seurat, SingleCell-and SummarizedExperiment, DGEList and
GenomicRanges. After preprocessing, we tested 15,494 pseudobulk
samples across 26 immune cell types (Fig. 2b) with a multilevel differ-
ential expression model. We identified T CD4 naive cells, T effectors
and B memory cells as the most changing between sexes (Fig. 2¢).
Most sex-related transcriptional changes (excluding sex chromo-
somes) were cell-type specific rather than shared (false discovery
rate (FDR) <0.05) (Fig. 2d). We tested the proximity of genes with a
significant effect (FDR <0.05) for sex or its interaction with age in
CD4 naive cells to genome-wide association study (GWAS) SNPs for
three immune-cell-related and sex-biased diseases: multiple sclero-
sis, rheumatoid arthritis and systemic lupus erythematosus (Fig. 2e).
We found nine genes overlapping or near SNPs associated with these
diseases (/L2RA, CD40 and KCP associated with two or more). A large
proportion of sex-related genes, 41%, define divergentimmune-aging
trajectories (Fig. 2f).

This analysis shows that tidyomics allows code repurposing across
diverse data sources. For example, complex manipulation and visu-
alization of genome and transcriptome data can be performed using
modular, consistent grammar assembled into a compact and legible
pipeline (Fig. 2g). Legibility and coding simplicity are promoted by
fewer intermediate variables and lines of code compared with stand-
ard counterparts while incurring no major execution-time overhead
(Fig.2h). Tidy R favors functional programming (for example, vectori-
zationrather than for-loops), which helps avoid bugs caused by variable
updating, especially in interactive programming.

The Bioconductor coding standards and contribution guidelines
adopted by our dedicated developer community set a solid ground
for the long-term maintainability of the ecosystem (Fig. 1d). This
ecosystem will grow, including R packages with compatible goals
and standards from Bioconductor and CRAN. While tidyomics is cur-
rently focused on simplification and harmonization, novel analysis
and manipulation tools are among its goals.

The tidyverse and Bioconductor ecosystems are transforming
R-based data science and biological data analysis. tidyomics bridges
the gap between these ecosystems, enabling analysts to leverage the
power of tidy data principlesinomic analyses. Thisintegration fosters
cross-disciplinary collaborations, reduces barriers to entry for new
users and enhances code readability, reproducibility and transparency.
Thetidy standard applied to biological software creates an extensible
development ecosystem whereindependent researchers caninterface
with new software. Ultimately, the tidyomics ecosystem, consisting
of new and publicly available R packages, has the potential to greatly
accelerate scientific discovery.

Online content

Any methods, additional references, Nature Portfolio reporting sum-
maries, source data, extended data, supplementary information,
acknowledgements, peer review information; details of author contri-
butions and competinginterests; and statements of dataand code avail-
ability are available at https://doi.org/10.1038/s41592-024-02299-2.

References

1. Tarazona, S., Arzalluz-Lugue, A. & Conesa, A. Undisclosed, unmet
and neglected challenges in multi-omics studies. Nat. Comput.
Sci. 1, 395-402 (2021).

2. Gentleman, R. C. et al. Bioconductor: open software development
for computational biology and bioinformatics. Genome Biol. 5,
R80 (2004).

3.  Wickham, H. et al. Welcome to the Tidyverse. J. Open Source
Softw. 4, 1686 (2019).

4. Li, P. Computation and Visualization of Package Download Counts
and Percentiles [R package packageRank version 0.8.3] (R Project,
2023).

5. Cetinkaya-Rundel, M. et al. An educator’s perspective of the
tidyverse. Preprint at https://doi.org/10.48550/arXiv.2108.03510
(2021).

6. Lee, S., Cook, D. & Lawrence, M. plyranges: a grammar of
genomic data transformation. Genome Biol. 20, 4 (2019).

Nature Methods | Volume 21| July 2024 | 1166-1170

1169


http://www.nature.com/naturemethods
https://doi.org/10.1038/s41592-024-02299-2
https://doi.org/10.48550/arXiv.2108.03510

Brief Communication https://doi.org/10.1038/s41592-024-02299-2

7. Mangiola, S., Doyle, M. A. & Papenfuss, A. T. Interfacing Seurat 13. Dauvis, E. S. et al. matchRanges: generating null hypothesis
with the R tidy universe. Bioinformatics https://doi.org/10.1093/ genomic ranges via covariate-matched sampling. Bioinformatics
bioinformatics/btab404 (2021). 39, btad197 (2023).
8. Mangiola, S., Molania, R., Dong, R., Doyle, M. A. & Papenfuss, A. 14. Amezquita, R. A. et al. Orchestrating single-cell analysis with
T. tidybulk: an R tidy framework for modular transcriptomic data Bioconductor. Nat. Methods 17, 137-145 (2020).
analysis. Genome Biol. 22, 42 (2021). 15. Ko, M. E. et al. FLOW-MAP: a graph-based, force-directed layout
9. Mu, W. et al. bootRanges: flexible generation of null sets of algorithm for trajectory mapping in single-cell time course
genomic ranges for hypothesis testing. Bioinformatics 39, datasets. Nat. Protoc. 15, 398-420 (2020).
btad190 (2023). 16. Righelli, D. et al. SpatialExperiment: infrastructure for
10. Keyes, T. J., Koladiya, A., Lo, Y.-C., Nolan, G. P. & Davis, K. L. spatially-resolved transcriptomics data in R using Bioconductor.
tidytof: a user-friendly framework for scalable and reproducible Bioinformatics 38, 3128-3131(2022).
high-dimensional cytometry data analysis. Bioinform. Adv. 3, 17. Wang, Y. et al. Spatial transcriptomics: technologies, applications
vbad071(2023). and experimental considerations. Genomics 115, 110671 (2023).
1. Lawrence, M. et al. Software for computing and annotating
genomic ranges. PLoS Comput. Biol. 9, €1003118 (2013). Publisher’s note Springer Nature remains neutral with regard to
12.  Quinlan, A.R. & Hall, I. M. BEDTools: a flexible suite of utilities jurisdictional claims in published maps and institutional affiliations.
for comparing genomic features. Bioinformatics 26, 841-842
(2010). © Crown 2024

'"The Walter and Eliza Hall Institute of Medical Research, Parkville, Victoria, Australia. 2Department of Medical Biology, University of Melbourne, Parkuville,
Victoria, Australia. *Department of Biomedical Data Science, Stanford University School of Medicine, Stanford, CA, USA. “Department of Pediatrics,
Stanford University School of Medicine, Stanford, CA, USA. 3University of Zurich, Zurich, Switzerland. ®Centro Nacional de Analisis Gendmico (CNAG),
Barcelona, Spain. “Unité Régulation Spatiale des Génomes, Institut Pasteur, CNRS UMR3525, Paris, France. 8Friedrich Miescher Institute for Biomedical
Research, Basel, Switzerland. °SIB Swiss Institute of Bioinformatics, Basel, Switzerland. "°Bioinformatics and Computational Biology Program, University
of North Carolina-Chapel Hill, Chapel Hill, NC, USA. "Division of Health Medical Intelligence, Human Genome Center, The Institute of Medical Science,
The University of Tokyo, Tokyo, Japan. “California Institute of Technology, Pasadena, CA, USA. *Queensland Department of Agriculture and Fisheries,
Brisbane, Queensland, Australia. “Department of Biochemistry and Molecular Biology, Shahjalal University of Science and Technology, Sylhet,
Bangladesh. ®Achilles Therapeutics, London, UK. "®DNA Script, Le Kremlin-Bicétre, France. "Department of Statistics, The University of British Columbia,
Vancouver, British Columbia, Canada. ®Biostatistics Department, University of North Carolina-Chapel Hill, Chapel Hill, NC, USA. ®Department of
Biochemistry and Immunology, Universidade Federal de Minas Gerais, Belo Horizonte, Brazil. 2°Channing Division of Network Medicine, Department

of Medicine, Brigham and Women'’s Hospital, Boston, MA, USA. ?Department of Medicine, Harvard Medical School, Boston, MA, USA. ?Centre de
Recherches en Cancérologie de Toulouse, Université de Toulouse, Inserm, CNRS, Université Toulouse lll-Paul Sabatier, Toulouse, France. 2Department of
Physiology and Biophysics, Weill Cornell Medicine, New York, NY, USA. *Immunitas Therapeutics, Waltham, MA, USA. ®University of Lausanne, Lausanne,
Switzerland. ®Lausanne University Hospital, Lausanne, Switzerland. ¥Roswell Park Comprehensive Cancer Center, Buffalo, NY, USA. ®Department of
Bioinformatics and Computational Biology, Genentech, South San Francisco, CA, USA. ®Department of Biostatistics, Johns Hopkins University, Baltimore,
MD, USA. **Department of Biomedical Engineering, Johns Hopkins University, Baltimore, MD, USA. *'Malone Center for Engineering in Healthcare, Johns
Hopkins University, Baltimore, MD, USA. ®?Department of Pathology, Stanford University School of Medicine, Stanford, CA, USA. ¥Genetics Department,
University of North Carolina-Chapel Hill, Chapel Hill, NC, USA. 3*South Australian immunoGENomics Cancer Institute, The University of Adelaide,
Adelaide, South Australia, Australia. *These authors contributed equally: William J. Hutchison, Timothy J. Keyes. [<le-mail: papenfuss@wehi.edu.au;
michaelisaiahlove@gmail.com; stefano.mangiola@adelaide.edu.au

The tidyomics Consortium

William]. Hutchison“>*, Timothy J. Keyes***, HelenaL. Crowell>¢, Jacques Serizay’, Charlotte Soneson®?, Eric S. Davis™,
Noriaki Sato", LambdaMoses", Boyd Tarlinton'®, Abdullah A. Nahid*, Miha Kosmac', Quentin Clayssen'¢, Victor Yuan”,
Wancen Mu®, Ji-Eun Park’®, Izabela Mamede'®, Min Hyung Ryu®®?, Pierre-Paul Axisa’?, Paulina Paiz?, Chi-Lam Poon?*,
Ming Tang**, Raphael Gottardo®*2¢, Martin Morgan?, Stuart Lee*®, Michael Lawrence?®, Stephanie C. Hicks?**%?,

Garry P.Nolan®?, KaraL. Davis*, Anthony T. Papenfuss'?, Michael I. Love'®* & Stefano Mangiola>3*

Nature Methods | Volume 21| July 2024 | 1166-1170 1170


http://www.nature.com/naturemethods
https://doi.org/10.1093/bioinformatics/btab404
https://doi.org/10.1093/bioinformatics/btab404
mailto:papenfuss@wehi.edu.au
mailto:
michaelisaiahlove@gmail.com
mailto:
michaelisaiahlove@gmail.com
mailto:stefano.mangiola@adelaide.edu.au

Brief Communication

https://doi.org/10.1038/s41592-024-02299-2

Methods

tidySummarizedExperiment

tidySummarizedExperiment introduces an innovative and versatile
approach for representing and managing bulk data, offering an alter-
native to and complementing the conventional methodologies com-
monly employed in SummarizedExperiment. This novel approach
incorporates adaptors tailored to widespread data manipulation and
visualization packages, including dplyr, tidyr, ggplot2 and plotly.
Crucially, the core structure of the SummarizedExperiment object
remains unaltered, ensuring seamless compatibility with existing
analytical workflows.

Data are represented as a long table, wherein observations are
defined by the abundance of a feature-sample pair, while variables
encompass feature and sample-related metadata. The fundamental
columns composing this representation consist of the feature and
sample columns. Importantly, when any of these essential columns
are absent from the output of a given operation (for example, select)
or whenasummarized version of these columnsis generated, aninde-
pendent table is returned. This table adheres to the structure of the
SummarizedExperiment tidy representation, facilitating separate
analysis or visualization as needed. Furthermore, when the returned
subset of observations does not represent a valid SummarizedExperi-
ment (for example, it does not correspond to arectangular slice of the
feature-sample matrix), atibbleis returned forindependent analyses.

With the tidySummarizedExperiment approach, newly created
or joined columns, such as those obtained from a metadata table, are
automatically incorporated into the colData, rowData or assays based
on their alignment with feature or sample identifiers. This versatile
mechanism extends the ‘variable’ concept, enabling a manipulation,
displaying or visualization of sample, feature and abundance informa-
tion with consistent grammar. Notably, the columns for the sample and
featureidentifiers and genomic ranges are designated as read-only to
preserve dataintegrity.

tidySingleCellExperiment

tidySingleCellExperiment presents a novel approach for represent-
ing and manipulating single-cell data, providing an alternative to and
complementing the conventional methods commonly used in Single-
CellExperiment. The main goal and property of the APl are consistent
with tidySummarizedExperiment.

However, as the central analysis unit of single-cell data is cells,
rather than genes for bulk data, tidySingleCellExperiment favors the
cell-wise (metadata and reduced dimensions, for example, princi-
pal components and Uniform Manifold Approximation and Projec-
tion (UMAP) dimensions) and sample-wise information rather than
gene-wise and sample-wise information for tidySummarizedExperi-
ment. This design choice keeps the single-cell data representation
highly interpretable and practically useful at the cost of a partial lack
of consistency to the bulk data. The emphasis on cell-wise information
over transcript-wise information is driven by the priority to facilitate
ease of use, data summarization, information integration and data
visualizationin the context of cell analysis and by explicit feature-wise
operation not being ascommon as cell-wise operation. By focusing on
cell-wiseinformation, the abstraction avoids unnecessary complexity
fromincludingfeature-level information (for example, genes, proteins
and genomic regions) by default, especially when performing cell-wise
information subsetting.

To access transcript-level information, users can utilize the ‘join_
features’ function. This function enriches the metadata by incorporat-
ing transcript identifiers, transcript abundance and transcript-wise
annotations, including gene length, genomic coordinates and func-
tional annotations, as additional columns of the cell metadata.

The tibble abstraction employed in tidySingleCellExperiment
consists of two column types: editable columns, which allow user inter-
action and modification, and view-only columns, which encompass

data-derived variables, such as reduced dimensions. Integrating all
cell-wise information, including reduced dimensions, within a single
tibble representation enables seamless data visualization, filtering and
manipulation. Importantly, this design ensures compatibility with the
tidyverse ecosystem, enabling data manipulation and plotting using
routines from dplyr, tidyr, ggplot2 and plotly. Furthermore, adopting
this abstraction allows users to operate on the data as if it were a stand-
ardtibble while preserving compatibility with any other algorithms or
toolsthat utilize the SingleCellExperiment framework. Thisapproach
ensures full backward compatibility and facilitates seamless integra-
tion into existing workflows.

tidySingleCellExperiment shares the same grammar and data
representation as tidyseurat, allowing users to use tidy code with Sin-
gleCellExperiment and Seurat data containers.

tidySpatialExperiment

tidySpatialExperiment provides atidy Rabstraction (tibble) of Spatial-
Experiment objects. Similarly to tidySingleCellExperiment, it provides
cell-wiseinformation, including cell metadata, spatial coordinates and
metadata, and reduced dimensions. Allinformation can be processed
with tools provided by dplyr, tidyr, ggplot2 and plotly. tidySpatialEx-
periment provides the ‘join_features’ functionto append the specified
features to the cell-wise information and, consequently, the tibble
abstraction. The ‘aggregate_cells’ functionis provided to combine cells
by shared variables and aggregate feature counts.

Benchmarking

We benchmarked standard and tidyomics workflows for common
data analysis tasks. Briefly, the aggregate-cells-by-sample opera-
tion aggregates the feature counts of cells within each sample. The
plot features per cell operation plots the distribution of summed
feature counts for each cell within each sample. The subset cells
by feature operation subsets cells by feature signature threshold.
The subset-features-by-mean-count operation subsets features
by mean count threshold. The plot-features-per-sample opera-
tion plots the distribution of feature counts for each sample. The
normalise-features operation normalizes feature counts across sam-
ples. The plot-normalised-feature-density operation plots the density
of normalized features for each sample. The identify-variable-features
operation identifies the most variable features for each cell type. The
aggregate-overlaps operation identifies and aggregates overlapping
regions. The plot-feature-set-distances operation calculates and plots
the distance between feature sets. The group-disjoin-ranges opera-
tion finds disjoint regions within groups of features and subsets over-
laps. The downsample-cells operation randomly subsets cells from
each sample. The plot-PCA operation calculates and plots principal
components. The benchmarking operations were run using R v4.3.1,
plyrangesv1.22.0, tidySingleCellExperiment v1.13.3, tidySpatialExperi-
ment v0.99.13, tidySummarizedExperiment v1.12.0, tidybulk v1.15.4,
tidytof v0.0.0 and tidyseurat v0.8.0. Each benchmarking operation
was executed 50 times using the microbenchmark package, and the
meantime elapsed wasrecorded. The variable count was calculated as
the number of times a new variable was created to store data. Theline
countwas calculated as the number of lines required for each operation
while following indentation best practice.

Transcriptional analyses

We collected all human peripheral blood mononuclear cells from
the Human Cell Atlas™® initiative using the CELLXGENE database. We
downloaded the metadata and gene-transcript abundance through the
R package CuratedAtlasQuery®° (v1.1.3). We consistently represented
age as days (named ‘age_days’ in our database). Where a categorical
value was provided, we converted itinto equivalent days using publicly
availablereferences. For example, the ‘adolescent stage’ was converted
to15yearsold (= 5,475 days).
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Immune cells were labeled using Seurat (v5.0.1) Azimuth mapping to
the peripheral blood mononuclear cell reference' (using tidyseurat’) and
SingleR? (v2.4.0) with the Blueprint? and Monaco?* references. To iden-
tify aconsensus, we compared and contrasted the high-resolution labels
‘predicted.celltype.l2’ for Seurat Azimuth and ‘label.fine’ Blueprint and
Monaco references. When possible, the reference-specific cell-type labels
were standardized under acommon ontology’. Where the resolution of
transcriptionally similar cell types was uncertain with the given tools,
cell types were labeled with a coarser resolution. For example, innate
lymphoid and natural killer cells were grouped under ‘innate lymphoid
Thecelltype curation was performed to obtain a high-confidence, mean-
ingful representation of the immune system’s heterogeneity, allowing
data-rich celltypes whose tissue composition canbe modeled probabil-
istically rather thanaiming for the finest resolution possible. The original
annotation provided by the studies was integrated with the three new
annotation sources to identify a total or partial consensus. Cell types
without complete or partial consensus were filtered out.

Weselected primary (noreanalyzed dataor collections) physiologi-
cal samples (that is, no disease). We also excluded samples with fewer
than 30 cells. We excluded erythrocytes and platelets from the analyses
astheywerenotofiinterest. Toincrease the sample size per demographic
group, we merged Asian descendants (labeled in CELLXGENE as Asian
and Chinese). We excluded samples whose ages were unknown.

tidySingleCellExperiment aggregated cells across samples and
cell types in pseudobulk transcript counts. Pseudobulk samples with
fewer than 5,000 genes or 10 cells were filtered out using tidySum-
marizedExperiment. Quantile normalization in limma® (v3.58.1) was
used through tidybulk®, as across the 28,241 pseudo samples the data
distribution was heterogeneous and noncontrollable. Low-abundance
gene transcripts were filtered out using edgeR* (v4.0.16) through tidy-
bulk, using sex and ethnicity as factors of interest, minimum counts of
500 and minimum proportion of 0.9.

Gene-transcript abundance for each cell type was modeled using
the following formulation, with age as a centered and scaled continu-
ous variable (mean age of ~47 years):

counts ~ age x sex + ethnicity + technology + cell_count

+(1+ age x sex + ethnicity|study).

Given the complexity of the model, tidybulk was also used to
identify data subsets that included complete covariate confounders.
Tidybulk was used to fit the multilevel model through glmmSeq®
(v0.5.5) and test hypotheses (FDR <0.05). Sex-related transcriptional
changes (Fig. 2c-f) were defined as genes significant for the main effect
of sexoritsinteraction withage, excluding genes on sex chromosomes.

Seurat? and tidyseurat’ were used to remove the study effect
across cell types from the pseudobulk data and calculate the UMAP
dimensions. Ggplot2 (v3.5.0) was used for visualization®.

To overlap genes with significant effect (FDR <0.05) for sex or its
interaction with age in CD4 naive cells with GWAS lead SNPs, we used
the tidySummarizedExperiment and plyranges packages to harmonize
summary statistics from pseudobulk DE analysis and three GWAS for
multiple sclerosis®®, rheumatoid arthritis and systemic lupus erythe-
matosus®”*’. As the GWAS data were provided in all cases for the hg19
genome build, the genelocations were loaded from the Bioconductor
package TxDb.Hsapiens.UCSC.hg19.knownGene. The overlap analysis
used genes with either significant main effect (FDR <0.05) for sex or
sex x age, as estimated from the pseudobulk multilevel model, with
FDR <0.05. Overlap was calculated as GWAS SNPs within 50 kb from
the gene body, and distance was calculated from the GWAS lead SNP
tothegene’s transcription start site (TSS).

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

Human Cell Atlas peripheral blood mononuclear single-cell data were
downloaded from the CELLXGENE database. The relative weblink for
eachsampleislistedin Supplementary Table1. The samples analyzed
are accessible at the Human Cell Atlas. Metadata and gene-transcript
abundance for these datasets from the CuratedAtlasQuery database
is accessible at sample_metadata.0.2.3.parquet. CELLXGENE sample
accession codes are available in Supplementary Table 1. Source data
are provided with this paper.

Code availability

Thetidyomics homepage is https://github.com/tidyomics®, which pro-
vides links to the constituent packages. The tidyomics meta-package
isavailable at Bioconductor bioconductor.org/packages/tidyomics/.
The tidySummarizedExperiment package is available at Bioconduc-
tor bioconductor.org/packages/tidySummarizedExperiment. The
tidySingleCellExperiment package is available at Bioconductor bio-
conductor.org/packages/tidySingleCellExperiment. The tidySpa-
tialExperiment package is available at Bioconductor bioconductor.
org/packages/tidySpatialExperiment/. The code used to benchmark
workflow efficiency and analyze peripheral blood mononuclear cells
from the Human Cell Atlas is available at github.com/tidyomics/
tidyomics_paper. Source data for Fig. 2h are available at github.com/
tidyomics/tidyomics_paper.
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