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Brief introduction: who am I

2007   PhD in theoretical physics

2011   medical genetics at Lund University

2016   working at NBIS SciLifeLab, Sweden

SciLifeLab

Lund University



Multi-Omics Begins: 2015 – until now

Momeni et al. 2020

https://github.com/NBISweden/workshop_omics_integration

BOUGHT BY:

Last run: February 2023, 94 applicationsRönn et al., 
Scientific Reports 2024



  

Introduction:
High Dimensional Biological Data



  

DATA

Tabular

Text

Image

Time Series
Video

Sound

Various types of data around us



  

Biological Data are High Dimensional

N

P

Statistical observations: 
e.g. samples, cells etc.

Features: genes, proteins, 
microbes, metabolites etc.

N data points

P dimensions

 High Dimensional Data: 
P

 
>> N

For a robust statistical analysis, one should
properly “sample” the P-dimensional space,
hence large sample size is required, N >> P



Some types of data analysis in Life Sciences
P is the number of features (genes, proteins, genetic variants etc.)
N is the number of observations (samples, cells, nucleotides etc.)

The Curse of 
Dimensionality

Amount of Data

Bayesianism Frequentism Machine LearningMathematical modeling

N << P N ≈ P N >> PN → 0

Biology / Biomedicine

Ex.1 Ex.2

Biased ML variance
estimator in HD-space

Hypothesis-driven Data-driven



Some peculiarities of Frequentist statistics

 Maximum likelihood based

 Focus on summary statistics

 Focus too much on p-values



Frequentist stats: too much focus on p-values

It is questionable whether
p-value is the best metric
for ranking features



Frequentist stats struggles with high-dimensional data

This is another way we face the Curse of Dimensionality in computational biology



  

More on the Curse of Dimensionality



  

The differences between closest and farthest data point 
neighbours disappears in high-dimensional spaces: 
can’t run cluster analysis

Distances in High Dimensions 

Data points become far from each other 
and equidistant in high dimensions

In high-dimensional space we can not separate cases and controls any more



  

High-dimensional data make black holes 

High-dimensional data can be viewed as 
having a “hole in the middle”, hence the 
concept of mean / centroid loses its validity,
hence we can’t use Gaussian distribution



  

Literature on the Curse of Dimensionality

Altman N, Krzywinski M. The curse(s) of dimensionality. Nat Methods. 2018 
Jun;15(6):399-400. doi: 10.1038/s41592-018-0019-x. PMID: 29855577. Correcting for multiple testing does not solve

the problem of too many false-positive hits



  

Typical Dimensions of Omics Data

Metabolomics
N ≈ P

Proteomics
N ≈ P

Metagenomics
N ≈ P

manageable

challenging
Transcriptomics

N << P
(Single cell: N <= P)

P

N

Genomics
N <<<< P

Methylomics
N <<<< P

P

N

P

N



  

Multi-Omics Data Integration



  

Integration Across Features vs. Samples

Argelaguet et al., 2021

Similar to batch
correction problem

Here I will
focus on integration

across features



  

Integrating Omics Across Features
N

P
1 Omic1:

RNAseq

N

P
2 Omic2:

BSseq

Statistical observations: 
e.g. samples, cells etc.

Features: genes, proteins, 
microbes, metabolites etc.

P
1 
+ P

2  
>> N integration across features leads to even more high-dimensional data

N data points

P dimensions



  

Big Data in Single Cell Genomics



  

Big in Size or Sample Size?

N
1
 ~ 103

P
1
 ~ 106

N
2
 ~ 106

P
2
 ~ 103

Genomics / WGS

scRNAseq

N
1 
* P

1
 = N

2
 * P

2
 = 109

A file with White Noise can
also take a lot of disk space

Stephens et al., (2015). Big Data: Astronomical or Genomical? PLoS Biology 13(7)

: Little Data

: Big Data



  

Multi-Omics in Single Cell Genomics

Kelsey et al., 2017, Science 358, 69-75

Hu et al., 2018, Frontier in Cell and Developmental Biology 6, 1-13

Clark et al., 2018, Nature Communications 9, 781



  

How to define and evaluate
multi-Omics data integration?



  

What I mean by Omics Integration

Idea Behind Omics Integration:
See Patterns Hidden in Individual Omics

OnPLS

JIVE 

DISCO Clustering of Clusters



  

TEXT (78%) IMAGE (83%) SOUND (75%)

Predict Facebook
user interests

Data Integration
Accuracy: 96%

How I Evaluate Omics Integration



  

Methylation Gene Expression Clinical variable

How I Evaluate Omics Integration

HEALTHY SICK

Data Integration
Accuracy: 96%

1) Convert to common space:
Neural Networks, SNF, UMAP

2) Explicitly model distributions:
MOFA, Bayesian Networks

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

Accuracy: 78% Accuracy: 83% Accuracy: 75%



  

Statistics searches for candidates

Consequence

Machine Learning optimizes prediction

Consequence

B. Maher, Nature 456, 18-21 (2008)

Prediction as a Criterion of Success



  

Take Home Messages

1) Biological data are high-dimensional and notoriously difficult to analyze

2) Integration across Omics is often sensitive to the Curse of Dimensionality

3) Integrating across Omics we expect to discover novel patterns in the data

4) Increased prediction accuracy is an indication of successful data integration

5) Single cell Omics are promising for integration in terms of statistical power



  

National Bioinformatics 
Infrastructure Sweden (NBIS)
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