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Scanpy vs. seurat o
Satija et al., Nat. Biotechn. (2015)

Scanpy is benchmarked with Seurat.
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* regressing out unwanted sources of o=
variation: 6 svs. 129 s | @ LL

° PCA <1 S VS, 45 3 e o
* clustering: 1.3 svs. 65 s
e tSNE: 6 sVvs. 96 S

* marker genes (approximation):
0.8svs. 90 s



Scanpy vs. Cell Ranger for 68k cells

/Zheng et al., Nat. Commun. (2017)
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Scanpy scales to >1 million cells

Zheng et al.,, Nat. Commun. (2017)
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A nnDa ta github.com/theislab/anndata, pypi/anndata

Simple class for a data matrix
with most general annotations.

Nothing like this in Python.

* .Joom (Python, merely a file
format)

e VariantDataset (Python,
Java, hail)

* ExpressionSet (R)
e “Seurat Object” (R, Seurat)
e CellDataSet (R, Monocle)

e SingleCellExperiment (R,
Scran)

variable index/ .var_names

variable/ gene annotation 1

variable/ gene annotation 2 e.g. genes (pandas dataframe)

sample/ cell 1

sample/ cell 2

° o ° unstruct. ann. 1
i uns
3’ 3 3 unstruct. ann. 2 unstruct.
s = 2 g o annotation
T © s £ ° c (dict)
g S 5 S g8
> > Q ©®© ©
E © ©
0 C C
) C C
var X © ©
| % % %
annotation of variables/ features, S U O
o 4 O
a a o
E € €
© © ©
(V)] ()] [7p]
data matrix annotation
of shape n x d of Samp::es.
(numpy array, ?bga.n?a SS
scipy sparse matrix
Prep ) dataframe)

sample/ cell n

HDF5-backed on disk: cross-platform,

cross-language.



Characteristics of single-cell data

Goal

Learn abstractions of biology
(e.qg. cellular identities),

Rare subtype

aSSOCIatIOﬂS and meChanlSmS . Discrete types
e A
Data -
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figure from Review Wagner et al., Nat Biotechn (2016)



Represent single-cell data

* High-dimensional data = make guess
for distance metric d(x, y) = evaluate d
locally = generate neighborhood graph
of single cells

* Typically, obtain d from preprocessing
and something like euclidean distance.

* Alternatively, learn .

Eulenberg, Kdhler et al.,
Nat. Commun. (2017)
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DataGraph

Class for representing data as a graph
of neighborhood relations between data
points.

Simplest case: knn graph.
* much faster than sklearn.neighbors
 much faster than R-wrapped C++

One idea: use matrix-multiplication for
submatrices of data matrix in parallel.

Also, DataGraph offers many functions
related to stochastic processes on
graphs, absent in igraph, networks,
graph-tools.
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Scanpy tools operate on DataGraph

g{-fate A
one single-cell path to fate B

A single framework for common

analysis tasks.

* clustering

Levine et al., Cell (2015), Xu et al. Bioinf (2015) ...

* pseudotime and trajectory
inference

Trapnell et al., Bendall et al. (2014), Haghverdi et al. (2016) ...
Reconciling both:

* graph abstraction

Wolf et al., bioRxiv (2017)
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Generic mathade

Scanpy's AP ——
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Scanpy’s use cases
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Graph abstraction reconciles clustering with trajectory
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Outlook

Very-short term
« common file format for backing AnnData
 AnnData based on pandas dataframes instead of structured arrays

Mid-term

aggregation of datasets

better correction for confounders

include any standard, canonical analysis method...

module-wise installation (reduce dependencies?)

Long-term

e mini-batch learning



Thanks to

Machine Learning group at Helmholtz Munich, in
particular, Philipp Angerer and Fabian Thels.

Thank you for your attention!



Scanpy code snippets

In [3):

AD 4]

In [5):

In [6):

filename data = ./data/pbmc3k filtered gene bc matrices/hgl9/matrix.mtx’
filename _genes = './data/pbmc3k_filtered gene_bc_matrices/hgl9/genes.tsv'

filename barcodes =~ './data/pbaclik filtered ygene e matrices/hygld/barcodes.Lav’

adata = pe.raad(filanama_data) . transpose ()
adata.var_names = np.loadtxt(filename genes, dtype='S')[:, 1)
adata.smp names = np.loadtxt(filename karcodes, dtype='S’')

reading file ./writa/data/pbmclk_filtered gene_bc_matrices'hgl9/matrix.hs
Basic fiterng.

adata.smp| ‘'n_COURTLS' | = mnp.sum adata.Xx, axis=l).al
ec.pp.-£filter col e (ndata, min gensa~200)
sc.pp.filter genes(adata, min cella=3)

<. filtaraed out 0 outliar cells
oo flltered ocut 19324 genes that are detected in less than 3 cells

Plo: some nformation about mitochondrial genes, importan: for quality control

mito _genes = np.array([name for name in adata.var nanes
if bool ro.coarch(""Mr-", name))|)
# for each ce.l compute fraction of coutnts ia mitc genes vs. all genes

adata.smp|[ ‘percext nito'] = np.sun(adata[:, nito genes).X, axis~l).Al / ap.sum(adata.X, axie=

# add the total counts per cell as sample anaotation to adacta
adata.amp('n cousta')] = np.sum/adata.X, axzigs«l).Al

A violin plct of the compued quality measures.,

sc.pl.violin(adata, ['n_genes', "n_counts , 'percent mito'], jitter=0.4, show=True)

n_genaos 2 _oownin

pooon_rrelo

TR

X0

10004
2000
108 00

In [11):

In [12)¢:

In [13)¢:

In |9): sc.pp.normalize_per_cell{adata, scale_factor=led)
result = sc.pp.filter_genes_diespersZcn{acata.X, log=True,
so.pl.filter genes dispersion(resull)

oo filter highly varying qeoes by cdispersion and mean
uEing ‘min_cisp’, ‘max_disp’, min_mean” and “max_mea
~=> set "n_teop _genas” to simply salect cap-scoring genes

| hgnty varabla genss
 other genes

3
’

Parma izec

adata_corrected = sc.pp.reqrezs_out(adata,
smp keya=['n counte’, 'percent mi
copy=True)

D:00:00.000 « regress outl ['n counts’', ‘percenl nike']
«+. mparse input is cdensified and ray lead to huge mesory consunstion

0:00:09.818 « finished

Compute PCA and make a scatter plot,

sc.pp.scale(adata corrected, max valuae=10)

clipping at max_value 10

so.tl.poa{adata correctecd)
adata correctec.snp| X pea’ ] *= =1  #F multiply by 1 for correspondenc
gc.pl.pca_scaller(adata_correcied, cclor="C8T3', right_margin=0.2)

0:00:00.000 - compuie PCA with r_compa = 10
D0:00:00.668 ~ firnished, added
che dats vepresentasiorn 'X pea’ (adata.sen)
the leadings "PC1", 'PC2', ... (adata.var)
and 'peca wvariance ratio’ (adata.add)

CSTa

re2




