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The Curse of Dimensionality
complicates OMICs Integration
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P is the number of features (genes, proteins, genetic variants etc.)
N is the number of observations (samples, cells, nucleotides etc.)

Biomedicine

Bayesianism Frequentism Deep Learning

input layer
hidden layer 1 hidden layer 2

P << N

Amount of Data

A~ n _
Y =a+ pX Ex.2 E[O'Q} = p0'2
Tv\ lyT n
p=(X"X)"x"y
_1 1 Biased ML variance
00, nN<<p estimator in HD-space

" det (XTX)




NB;S Equidistant Points in High Dimensions

Density

Distances in High Dimensions Distances in High Dimensions
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Data points become far from each other and The differences between closest and

equidistant from each other in high dimensions furthest data point neighbours disappears
in high-dimensional spaces — can'’t cluster

In high-dimensional space we can not separate cases and controls any more
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Single Cell RNA-seq Studies of the Nervous System [by time)

Our 1.3 million single cell dataset is ready [@] e #
to download

[2a)

grace-10x
At ASHG last year, we announced our 1.3 Million Brain Cell Dataset, which is, to date, the largest dataset published
in the single cell RNA-sequencing (scRNA-seq) field. Using the Chromium™ Single Cell 3’ Solution (v2 Chemistry),

we were able to sequence and profile 1,308,421 individual cells from embryonic mice brains. Read more in our
application note Transcriptional Profiling of 1.3 Million Brain Cells with the Chromium™ Single Cell 3’ Solution.

Watch out Underfitting!
Paradise for Deep Learning!

Fig. 2: Identifying the major cell types of mouse organogenesis.

From: The single-cell transcriptional landscape of mammalian organogenesis

a b i_connective tissue progenitors &
2 Chanirocytes and boobiasis @
S iiemedate mesoderm @
4=Jaw and toath progenitors &
5-Excitatory neurons
6-| Envlh elial cells
S gl e

e
91 Droclem\crcel\s!
0 Pnshmlnhb premarore neron

48-Inhibitory neuron progenitors @ e
19-Prematirs olgodendrocytes . 0
20-Endolhial cels & ®
21-Chondrociye progeniicrs 1+ = - © ® 0
22-Dafntive enyinrotyto insage & ‘e .
Gl precursars .
erons ®
petencima . . 5y
2 F’mmlwe oo Indage 8 R )
intomevrons £
e naurons @ .
o °
a0-tctoaor gnd llocv Dlate cels oo .
= Biocd cels . e
Edendymal ool o . L]
33-Chalinergc neurons & .
34Cardiac muscie Ineage @ N . ®
35 Mogakaryocyies @ | « )
— s i H °

t-SNE of E9.5 embryos ~ E10.5 embryos E13.5 embryos. 38-Neutrophis @ . 2 ]
o - N T I R N N I T N T I Y
= A J A RN O
- T, ¥ SETET &S G587 §C4 87386538 57
ke ‘:- = N > o W Bt g Foaeg &
> S W [ s Scaled expression
P 8 Percentofcelsin - 0.00
o iy, & cluster with 14 read @ 025 4
g comespondingto @ 050 2
78 0

gene marker

a, t-SNE visualization of 2,026,641 mouse embryo cells (after removing a putative doublet cluster), coloured by cluster identity
(ID) from Louvain clustering (in b), and annotated on the basis of marker genes. The same t-SNE is plotted below, showing only
cells from each stage (cell numbers from left to right: n = 151,000 for E9.5; 370,279 for E10.5; 602,784 for E11.5; 468,088 for E12.5;
434,490 for E13.5). Primitive erythroid (transient) and definitive erythroid (expanding) clusters are boxed. b, Dot plot showing

expression of one selected marker gene per cell type. The size of the dot encodes the percentage of cells within a cell type in
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A new tool to interactively visualize
single-cell objects (Seurat, Scanpy,
L4 L SingleCellExperiments, ...)

We are glad to announce that we will upsize the current single-cell database in BioTu
5,500,000 cells this Seplemnev With this release, we will double the current wmber of pubhcauons indexed in

5,500,000 cells will be indexed into
BioTuring Single-cell Data Repository
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How to define and evaluate
OMICs Integration?
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As of Jan 26, 2014 our paper is online at Nature Methods

Idea Behind OMICs Integration:
See Patterns Hidden in Individual OMICS
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Successful OMICS Integration

Statistics searches for candidates Machine Learning optimizes prediction
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Life Sciences: Boost in Prediction
Methylation (78%) Gene Expression (83%) Phenotype (75%)
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1) Convert to common space:
Neural Networks, SNF, UMAP

2) Explicitly model distributions:

MOFA, Bayesian Networks Data Integration

Accuracy: 96%

3) Extract common variation:
PLS, CCA, Factor Analysis

HEALTHY SICK
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Autoencoder, SNF, UMAP,
Clustering of Clusters

Unsupervised Factor Analysis / MOFA

For Example:
1) With ~110 samples it is a good idea to do linear OMICs integration
2) T2D is a phenotype of interest, therefore supervised integration



the Curse of Dimensionality

NB?S Feature Pre-Selection to Overcome SCiL,ifELab

phen

Test Set (n = 22)

unsupervised
i Evaluation

Trained Model
OMICs Integration




DS Protocol of -
X Integrative OMICS Analysis Sci Lab

1) Check that there is a relation between the OMICs (MOFA)

2) Choose integrative model based on amount of data and goal (linear, supervised)
3) Do feature pre-selection (supervised or unsupervised) on train data set

4) Integrate the OMICs using your favorite model chosen in 2) on train data set

5) Compare prediction of integrative model with predictions from individual OMICs
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