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_ storing data from single-cell experiments

> assays Feature Primary and Cell Dimension
brimary & transformed data Metadata| Transformed Data | Metadata |Reductions
e.g., counts, expression-like values e &V SN & .

» row/colData S S

feature-/sample-level metadata

» reducedDims

celll
sample-level reduced genel collD
dimensionality embeddings gene2 Ce'b'-3
gene3 L
» metadata cell4
experiment-wide metadata 5
> altEXpS rowbats assays ' § colbata yeduceddims
alternative experiments Rows = Features ’ Rows = Cells

(same samples, different features) S 1 N gl eCell Exbe r imen T
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Welcome

This is the landing page for the “Orchestrating Single-Cell
Analysis with Bioconductor” book, which teaches users some

common workflows for the analysis of single-cell RNA-seq data B]oconductor
(scRNA-seq). This book will show you how to make use of cutting-

) -'... &
edge Bioconductor tools to process, analyze, visualize, and explore or e, .0
scRNA-seq data. Additionally, it serves as an online companion for

the paper of the same name.

What you will learn

The goal of this book is to provide a solid foundation in the usage of Bioconductor tools for single-
cell RNA-seq analysis by walking through various steps of typical workflows using example
datasets. We strive to tackle key concepts covered in the manuscript, “Orchestrating Single-Cell
Analysis with Bioconductor”, with each workflow covering these in varying detail, as well as

essential preliminaries that are important for following along with the workflows on your own.
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Workflow Description
o . :
£ | | =_( D Experimental metadata
€ Experimental design e is recorded for downstream
s | | annotation
o |
(=)}
c
2 Sample processing and sequencing )
) >= Preprocessing of raw
8 Read alignment sequencing data into _
o primary data (counts matrix)
g Quantification into raw counts matrix |
. Sample metadata
o specified as colData (sce)
£ [ Construcion of SngleCellExperiment | cpeciied &5 rowba
S | | specified as rowData (sce)
3 Pri ified
£ rimary data specifie
- as assay (sce, 'counts’)

Quality control metrics
added to colData (sce)
and rowData (sce)

Quality control metrics

Normalizing data

Normalized data
added into assays as
assay (sce, ‘logcounts’)

Feature selection

Integrating datasets

Data processing

| Dimensionality reduction

Dimension reductions added
into reducedDims as

(sce, ') and
reducedDims (sce, ‘UMPA)

Clustering Cell-level results such as clusters,
cell labels and trajectory-based

cell order added to colData (sce)

Differential expression

Downstream
statistical analysis

Traiectory analysis Gene'level results SUCh as
differential expression and pathway
annotations added to rowData (sce)

| Annotation

Interactive data
visualization and
report generation

Interactive data visualization

| Report generation |

Accessible and
reproducible analysis
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_s for storing data from spatial experiments

> spatial metadata
part of colData

(e.g., array position, mapped to tissue?)

» spatialCoords
slot a la reducedDims
numeric matrix of spatial
Xy(z)-coordinates

SpatialExper

SingleCellExperiment

SpatialExperiment: infrastructure for spatially resolved
transcriptomics data in R using Bioconductor

SpatialExperiment

Dario Righelli, ©2' Lukas M.Weber, “=' Helena L. Crowell, "2/ Brenda Pardo,
Leonardo Collado-Torres, ©2' Shila Ghazanfar, ©2" AaronT. L. Lun,
Stephanie C. Hicks, ' Davide Risso

doi: https://doi.org/10.1101/2021.01.27.42843 |

> slot sample id In
colData Is protected 2
(against removal & arbitrary replacement) o
0
» imgData 5
image metadata k3
(e.g., iImage, scale factor)
rowData
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Lment
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R ' \ / G)zr@\,_/c»oip\’_ . RS
observations (columns) V /
y: = -
imgData
M image
metadala
assays reducedDims brrsrmseen colData - spatialCoords

primary and reduced observation spatia spatial

transformed data dimensions metadata metadata coordinates
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imgData(spe)

## DataFrame with 2 rows and 4 columns
#i# sample_id image_id| data|scaleFactor
## <character> <character>|<list> <numeric>

## 1 sectionl Towres| ####| 0.0510334 P get / add/rmVImg
## 2 section2 Towres ####| 0.0510334
accession/addition/removal

P spatialImage (virtual class) of Spatj—allmage (s)

» loadedSpatialImage eimage » imgRaster & -Source
realised into memory accession of SpatialImage's
stored as raster object raster object & location/URL

» storedSpatialImage epatn e S g TSSO

. . sample_id = "sectionl",

| | f7| image_id = "pomeranian",

Oca I e (e-g-; pngy Jpg, tlf) imageSource = url,
scaleFactor = NA_real_,

loaded only on request Toad - TRUE)

img <- imgRaster(spe,
sample_id = "sectionl",
image_id = "pomeranian")

» remoteSpatialImage ceurl plot ing
hosted remotely (under some URL)
retrieved only on request
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# extract first image

spi <- getImg(spelOx)

# apply counter-/clockwise rotation
spil <- rotateImg(spi, -90)

spi2 <- rotateImg(spi, +90)

# visual comparison

par(mfrow = c(1, 3))
plot(as.raster(spi))
plot(as.raster(spil))
plot(as.raster(spi2))

# extract first image

spi <- getImg(spelOx)

# mirror horizontally/vertically
spil <- mirrorImg(spi, "h")

spi2 <- mirrorImg(spi, "v')

# visual comparison

par(mfrow = c(1, 3))
plot(as.raster(spi))
plot(as.raster(spil))
plot(as.raster(spi2))

Helena L. Crowell PhD student

ation
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-90°

+90°
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ased data

» each feature-observation may be
assocliated with multiple measurements

i gene cell X y
## 1 gene48 cellll 0.03539863 0.64465423
## 2 genel5 celll2 0.78304050 0.27896636
## 3 gene40 cell9 0.38427813 0.27187383
## 4 gene3l cell2 0.33349229 0.67031502
## 5 gened45 «cell6 0.55584953 0.98536730
## 6 gene23 cell120 0.20483172 0.09803537

Aaron T. Lun

» bumpyMatrix
for holding non-scalar objects
In each matrix entry

# construct 'BumpyMatrix'
Tibrary(BumpyMatrix)
mol <- splitAsBumpyMatrix(
dff, c("x", "y"]I,
row = gene, col = cell)

7]
## 50 x 20 BumpyDataFrameMatrix 8
## rownames: genel gene2 ... gene49 gene50 =)
## colnames: celll cell2 ... celll9 cell20 té
L

## preview [1,1]:
## DataFrame with 0 rows and 2 columns

S observations =

» SPE offers a designated
molecules () accessor

Helena L. Crowell PhD student Mark D. Robinson group University of Zurich, Switzerland 7/ 15



d | OxVisium & from scratch

> Cell Ranger output has > designated readl0xVisium
a consistent structure. .. constructor forVisium data

sample dir <- system.file(
| — outs file.path("extdata", "1O0xvisium"),

| — raw/filtered_feature_bc_matrix.h5 package = "SpatialExperiment")

| — raw/filtered_feature_bc_matrix
| — barcodes.tsv.gz sample_ids <- c("sectionl", "section2")
| — features.tsv.gz samples <- file.path(dir, sample_ids, "outs")
| — matrix.mtx.gz

| — spatial (spelOx <- readlOxvisium(samples, sample_ids,
| — scalefactors_json.json type = "sparse", data = "raw",
| — tissue_lowres_image.png images = "lowres", load = FALSE))

| — tissue_positions_list.csv

## class: SpatialExperiment
## dim: 50 99
\ \ ## metadata(0):
> ...but reading all data I1s cumbersome ) oy G
## rownames(50): ENSMUSG00000051951 ENSMUSG00000089699 ...
##  ENSMUSG00000005886 ENSMUSG00000101476
## rowData names(1l): symbol
## colnames(99): AAACAACGAATAGTTC-1 AAACAAGTATCTCCCA-1 ...
## AAAGTCGACCCTCAGT-1 AAAGTGCCATCAATTA-1
## colData names(4): in_tissue array_row array_col sample_id
## reducedDimNames(0):
## mainExpName: NULL
## altExpNames(0):
## spatialCoords names(2) : pxl_col_in_fullres pxl_row_in_fullres
## imgData names(4): sample_id image_id data scaleFactor

dir <- system.file(
file.path("extdata", "1O0xvisium", "sectionl", "outs"),
package = "SpatialExperiment")

# read in counts
fnm <- file.path(dir, "raw_feature_bc_matrix")
sce <- DropletUtils::readlOxCounts(fnm)

# read in image data

img <- readImgbata(
path = file.path(dir, "spatial"),
sample_id = "foo")

# read i1n spatial coordinates
fnm <- file.path(dir, "spatial", "tissue_positions_list.csv'")
xyz <- read.csv(fnm, header = FALSE,
col.names = c(
"barcode", "in_tissue", "array_row", "array_col",
"px1_row_in_fullres", "px1_col_in_fullres"))

# construct observation & feature metadata
rd <- S4vectors::DataFrame(
symbol = rowbData(sce)$Symbol)

# construct 'SpatialExperiment'
(spe <- SpatialExperiment(
assays = list(counts = assay(sce)),
rowbData = rd,
colbata = DataFrame(xyz),
spatialCoordsNames = c("pxl_col_in_fullres", "pxl_row_in_fullres"),
imgbata = img,
sample_id = "foo0"))

Helena L. Crowell PhD student Mark D. Robinson group

» works a la Summarized- &
SingleCellExperiment

spe <- SpatialExperiment(
assays = y)
isEmpty(spatialCoords(spe))

## [1] TRUE

> accepts spati1alCoords

xy <- as.matrix(cd[, c("x", "y")1)
spe2 <- SpatialExperiment(
assay =y,

colpata = cd["z"],
spatialCoords = xy)

2 or extracts them from colData

n <- length(z <- Tetters)
y <- matrix(nrow = n, ncol = n)
cd <- DataFrame(x = seq(n), y = seq(n), z)
spel <- SpatialExperiment(
assay =y,

colbata = cd,
spatialCoordsNames = c("x", "y"))

» imgData may be provided
or added downstream

2z coercion from SCE also works!

University of Zurich, Switzerland

8/ 15



Helena L. Crowell

» ExperimentHub package
avallable since Bioc 3.14

> collection of |0X Genomics Visium
spatial gene expression datasets

> | 3 datasets from 23 samples across two
organisms (human & mouse) & |3 tissues

> also: STexampleData &
SingleCellMultiModal

(seg-FISH + scRNA-seq of mouse visual cortex)

Tibrary(ExperimentHub)
eh <- ExperimentHub() # initialize hub instance
g <- query(eh, "TENxvisium") # retrieve 'TENxVisiumData' records

id <- q$ah_id[1] # specify dataset ID to load
spe <- eh[[id]] # load specified dataset

spe

## class: SpatialExperiment

## dim: 36601 7785

## metadata(0):

## assays(l): counts

## rownames(36601): ENSG00000243485 ENSG00000237613 ...
##  ENSG00000277196

## rowData names(1l): symbol

## colnames(7785): AAACAAGTATCTCCCA-1 AAACACCAATAACTGC-1 ...

## TTGTTTGTATTACACG-1 TTGTTTGTGTAAATTC-1

## colData names(1l): sample_id

## reducedDimNames(0):

## mainExpName: NULL

## altExpNames(0):

## spatialData names(3) : in_tissue array_row array_col

## spatialcCoords names(2) : pxl_col_in_fullres px1_row_in_fullres
## imgData names(4): sample_id image_id data scaleFactor

ENSG00000278817

PhD student

##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##

ExperimentHub with 26 records

FH O K W W H W R

snapshotbate(): 2021-10-18

$dataprovider: 10X Genomics

$species: Homo sapiens, Mus musculus

$rdataclass: SpatialExperiment

additional mcols(): taxonomyid, genome, description,
coordinate_1_based, maintainer, rdatadateadded, preparerclass, tags,
rdatapath, sourceurl, sourcetype

retrieve records with, e.g., 'object[["EH6695"]]'

title

EH6695 | HumanBreastCancerIDC

EH6696 | HumanBreastCancerILC

EH6697 | HumanCerebellum

EH6698 | HumanColorectalCancer

EH6699 | HumanGlioblastoma

EH6739 | HumanSpinalCord_v3.13

EH6740 | MouseBrainCoronal_v3.13

EH6741 | MouseBrainSagittalPosterior_v3.13

EH6742 | MouseBrainSagittalAnterior_v3.13

EH6743 | MouseKidneyCoronal_v3.13

Mark D. Robinson group

HumanBreastCancerIlDC

= Human Breast Cancer (Block A Section 1)

= Human Breast Cancer (Block A Section 2)
HumanBreastCancerILC

= Human Breast Cancer: Whole Transcriptome Analysis

= Human Breast Cancer: Targeted, Immunology Panel
HumanCerebellum

= Human Cerebellum: Whole Transcriptome Analysis

= Human Cerebellum: Targeted, Neuroscience Panel
HumanColorectalCancer

= Human Colorectal Cancer: Whole Transcriptome Analysis

= Human Colorectal Cancer: Targeted, Gene Signature Panel
HumanGlioblastoma

= Human Glioblastoma: Whole Transcriptome Analysis

= Human Glioblastoma: Targeted, Pan-Cancer Panel
HumanHeart

= Human Heart
HumanLymphNode

= Human Lymph Node
HumanOvarianCancer

= Human Ovarian Cancer: Whole Transcriptome Analysis

= Human Ovarian Cancer: Targeted, Immunology Panel

= Human Ovarian Cancer: Targeted, Pan-Cancer Panel
HumanSpinalCord

= Human Spinal Cord: Whole Transcriptome Analysis

= Human Spinal Cord: Targeted, Neuroscience Panel
MouseBrainCoronal

= Mouse Brain Section (Coronal)
MouseBrainSagittalAnterior

= Mouse Brain Serial Section 1 (Sagittal-Anterior)

= Mouse Brain Serial Section 2 (Sagittal-Anterior)
MouseBrainSagittalPosterior

= Mouse Brain Serial Section 1 (Sagittal-Posterior)

= Mouse Brain Serial Section 2 (Sagittal-Posterior)
MouseKidneyCoronal

= Mouse Kidney Section (Coronal)
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> designed to work with the
SpatialExperiment class

» support for both spot- &
molecule-based visualizations

> flexible colouring, highlighting
& (optional) iImage overlaying

Helena L. Crowell PhD student
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Gene Biotype |Row 5., | Reduced
. U  protein |statistics | | ° .~i..'°:°,f.£x dimension
- X tei . L °‘ : |
4 Shlny based GUI for | oo R N |
interactive data exploration 2 protein if
> allows for deployment >.(ﬁ -
of custom panels o
V § e ‘ - QPC
> SPE inherits from SCE Y ‘ 3
inherits from SE &3 ‘ | e
: < e ¢ Heatmap
> lots of room for extensions Gl Y cenatme ;
specific to spatially resolved datal | I . . o
(e.g., spatial plots) s R o
(vii) Feature expression plot s
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> complex Visium dataset in SPE format

nature RESOURCE
neurOSCICnce h\‘.tps://doi.org/10.1038/5415903-0LZJO-OOS7-O

Posterior Anterior BA46 (DLPFC)  jayers

2z human brain dorsolateral
brefrontal cortex (DLPFC) region

Transcriptome-scale spatial gene expression in
the human dorsolateral prefrontal cortex

Kristen R. Maynard ©'21, Leonardo Collado-Torres ©'3'°, Lukas M. Weber*, Cedric Uytingco®,
Brianna K. Barry ©'¢, Stephen R. Williams®, Joseph L. Catallini 114, Matthew N. Tran®"7,
Zachary Besich'’, Madhavi Tippani', Jennifer Chew?, Yifeng Yin®, Joel E. Kleinman'2,
Thomas M. Hyde @28, Nikhil Rao®, Stephanie C. Hicks ®4, Keri Martinowich ®'26% and

Andrvow F 12ffa (1234679

» 2 pairs of spatially adjacent replicates
across 3 subjects (12 samples in total)

r "

(A) Data Generation: (C) Interactive Websites: spatialLIBD::run_app()
Visium 193

spatialLIBD  Overview  spot-level data  layer-level data  Help or feedback

Data Processing:

. . 10x |spatialLIBD
> continuous & discrete Py P |
powered by R:

| | Vi lization Interactive Visualization:
spot-level visualizatio P + m plotly
spatialLIBD: an R/Bioconductor package to visualize

(including histology image) spatialLIBD Loupe
BlOCOﬂdUCtOI’ ;]EQM?Cg_ spatially-resolved transcriptomics data

(© Brenda Pardo, (& Abby Spangler, © Lukas M.Weber, { Stephanie C. Hicks,

> Interactive data exploration (B) Static Visualizations @ e & @ Kot e Ko vyt

151673 MOBP; ENSG00000168314 151673 with GraphBased nDf 1 Leonardo Collado-Torres

(Shlﬂy— & plotly—based) 2 doi: https://doi.org/10.1101/2021.04.29.440149
> exportable visualizations . I
(PDF/PNG) & results (CSV) i - ; BN
: | B mpme
Continuous data Discrete data Statistical Modeling
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_ of cell-mixtures from single-cell reference data

Published online 5 February 2021 Nucleic Acids Research, 2021, Vol. 49, No. 9 €50
doi: 10.1093/narlgkab043 Marc Elosua- Bayés

SPOTlight: seeded NMF regression to deconvolute
spatial transcriptomics spots with single-cell
transcriptomes

Marc Elosua-Bayes', Paula Nieto', Elisabetta Mereu', lvo Gut'-2 and Holger Heyn “':2*

TCNAG-CRG, Centre for Genomic Regulation (CRG), Barcelona Institute of Science and Technology (BIST),
Barcelona, Spain and 2Universitat Pompeu Fabra (UPF), Barcelona, Spain

Received November 18, 2020; Revised January 04, 2021; Editorial Decision January 09, 2021; Accepted January 15, 2021

T

z originally only on GH &
inter-operable with Seurat @ /" sorNAseq ) /" seedec \ [ Cell type-specific. "\

i NMFreg topic profile

==
n

> recently submitted to Bioc & Ty g [ }X[

t-SNE2
.f‘ K e
3 '1.5.%}-.?: 28
i
{f i

Spot \
Deconvolution

inter-operable with SCE &3 Et { }
\ / \ S S [ [33%
t-SNE1 / NNLS NNLS > @ %
— Q.
()  ((©a® ) Y
e 0 ‘. L P

o am—— T D
) . 4

Spatial

wanscriptomicy \Spatial spotsj @ot topic proﬁley
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> early days
(Bioc-based packages
dedicated to ST are
virtually non-existent)

z will Include...

2 theoretical introduction
(e.g., technologies, SPE)

> preprocessing
(e.g., segmentation)

> analysis walkthrough

(some transferable from
single-cell, other ST-specific)

> exemplary workflows

(e.g., SVG selection,
spatial clustering)

Helena L. Crowell PhD student

ved Iranscriptomics Analysis with Bioconductor

OSTA

Welcome

1 Introduction
2 Spatially resolved transcriptomics

3 SpatialExperiment

4 Preprocessing steps
5 Image segmentation (Visium)
6 Loupe Browser (Visium)

7 Space Ranger (Visium)

8 Analysis steps

9 Quality control

10 Normalization

11 Feature selection

12 Dimensionality reduction
13 Clustering

14 Marker genes

15 Spot-level deconvolution

16 Workflows and comparisons

17 Human DLPFC workflow

Orchestrating Spatially Resolved
Transcriptomics Analysis with

Bioconductor

2022-01-07

Welcome

This is the website for the online textbook
“Orchestrating Spatially Resolved

Transcriptomics Analysis with BlOCO[’]CLL.JC.tOI'
Bioconductor” (OSTA). o %00
This book describes the steps in a

computational analysis pipeline for spatially

resolved transcriptomics (ST) data, using the Bioconductor
framework and R programming language. The analysis pipeline is
built up as a series of steps, each described in a chapter, with
complete examples and workflows using R code and datasets that

can be run on your own laptop.

The book is organized into several parts, consisting of (i)
introduction, (ii) preprocessing steps to prepare data for R, (iii)

analysis steps, (iv) complete workflows, and (v) appendix.
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-/, outlook & acknowledgsement

“AA
\ ——

» SpatialExperiment
for storage

» ggspavis
for visualization

> 18S:

ﬂ
"
e

E & spatialLIBD

for interactivity

» TENxVisiumData
& STexampleData
for, well, data

> OSTA
for everything

Helena L. Crowell

PhD student

=/

> flipped altExps!

(same features, different samples)

> multiple binning resolutions
(e.g,Visium HD, Stereo-seq)

> different segmentations
(e.g., molecule-based ST data)

» sample-based geometric data
(e.g., polygon vertices)

> ST-specific LSEE modules

> (Bioc-based) analysis packages
dedicated to ST are lacking
(e.g., basic spatial statistics)

> python-interoperability
(e.g. AnnData for Squidpy)
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| eonardo Collado-Torres
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