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What is Omics

● The study of biological 
molecules at large scale

● Genomics
● Transcriptomics
● Proteomics
● Metabolomics
● Epigenomics
● Lipidomics
● Microbiomics

ENCODE Project 
https://www.encodeproject.org/

https://www.creative-proteomics.com/resource/what-is-metabolomics.html
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Example: Microarray

● The study of biological 
molecules at large scale

● Genomics
● Transcriptomics
● Proteomics
● Metabolomics
● Epigenomics
● Lipidomics
● Microbiomics

https://www.genome.gov/about-genomics/fact-sheets/DNA-Microarray-Technology
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Example: NGS RNA-seq

● The study of biological 
molecules at large scale

● Genomics
● Transcriptomics
● Proteomics
● Metabolomics
● Epigenomics
● Lipidomics
● Microbiomics

https://microbenotes.com/rna-sequencing-principle-steps-
types-uses/
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Example:  PacBio HiFi-seq

● The study of biological 
molecules at large scale

● Genomics
● Transcriptomics
● Proteomics
● Metabolomics
● Epigenomics
● Lipidomics
● Microbiomics

https://www.pacb.com/technology/hifi-sequencing/
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The Biggest Issue in Omics Analysis?

● The differences between 
Omics technologies are 
vast and each requires 
specialized tools to process 
and analyze.

● But there is a common 
issue shared across all.

● # of variables: N
● # of observations: M
● N >> M
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N >> M

● How do we address 
this?

1.  Dimensionality reduction

2.  Choosing the right test

3.  Dealing with the multiple 
comparisons in N variables
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1.  Dimensionality Reduction

● Huge # of variables to look over
● Hard to show more than 3 vars with traditional plots
● Not all the variables are equally important
● Can we get away with a smaller representation that only 

contains relevant information?

https://towardsdatascience.com/principal-component-analysis-pca-explained-visually-with-zero-math-
1cbf392b9e7d/
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Dimensionality Reduction

● Common dimensionality reduction techniques:
● PCA
● t-SNE
● UMAP

https://bioconductor.org/books/3.15/OSCA.basic/dimensionality-reduction.html
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Principle Component Analysis(PCA)
(Pearson 1901)

● Linear projections along lines 
of greatest variance

● Principal components(the new 
orthogonal axes) are ordered 
by the amount of variance 
explained.

● The idea is that we can use a 
smaller set of these PCs to 
capture most of the information 
of the original data.

https://en.wikipedia.org/wiki/Principal_component_analysis
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t-distributed Stochastic Neighbor Embedding (t-SNE)
(Maaten & Hinton 2008)

● A Non-linear approach to dimension reduction
● Idea:  Distances between the points in the high dim space 

should be similar to distance between points in the low dim 
space

● High dim:  Distances represented by Gaussian
● Low dim:  Distance represented by t-distribution
● Loss function:  Measures differences between the distance 

representations in high and low dimensions
● Kullback-Leibler divergence

● Optimize: find a low dim representation that minimizes the loss 
function.

● Start with a random low dim representation
● Iteratively shift points in the low dim space so that loss function goes 

down
● move along the gradient of the Kullback-Leibler divergence

● Key hyperparameter
● Perplexity:  The width of the gaussian or t-distribution.  

● A wider bell shaped curve means we’re looking at more points at each step.

https://scikit-learn.org/stable/auto_examples/manifold/plot_t_sne_perplexity.html



  12

Uniform Manifold Approximation and Projection (UMAP) 
(Innes & Healy 2018)

● A Non-linear approach to dimension reduction
● Idea:  Distances between the points in the high dim 

space should be similar to distance between points in the 
low dim space

● High dim:  weighted sum of k nearest neighbor graphs
● Low dim:  weighted sum of k nearest neighbor graphs
● Loss function:  Measures differences between the distance 

representations in high and low dimensions
● Cross entropy of adjacency matrices

● Optimize: find a low dim representation that minimizes 
the loss function.

● Start with a random low dim representation
● Iteratively shift points in the low dim space so that loss 

function goes down
● Minimize cross entropy by stochastic gradient descent

● Key hyperparameter
● n_neighbors:  how many neighbors to look at

https://biostatsquid.com/umap-simply-explained/

https://pair-code.github.io/understanding-umap/

https://biostatsquid.com/umap-simply-explained/
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Dimensionality Reduction

● Pros
● PCA

● Easy to interpret
● Fast

● T-SNE
● Captures non-linear relationships between 

variables
● Preserves local structure

● UMAP
● Captures non-linear relationships between 

variables
● Preserves local and global structure
● Scalable
● Stable

● Cons
● PCA

● Only linear relationships
● t-SNE

● Very slow
● Changing the perplexity 

hyperparameter gives very 
different results across runs

● UMAP
● Not as good as t-SNE if you’re 

ONLY interested in local structure.
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Dimensionality Reduction: example1

● Single-cell sequencing
● We are able to capture gene expression for 

each individual cell
● Too many genes to be able to map out 

everything
● A 2D UMAP (or t-SNE) of all cells allows us 

to:
● Visually examine the individual cells
● Pick out clusters of similar cells
● Identify celltypes of the clusters and their 

relationships to one another
● Manual celltype type ID
● Automatic ID by Machine learning algorithms 
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Dimensionality Reduction: example 2

● RNA-seq experiment with a batch effect
● Examining pluripotency of 3 different cell lines

● A PCA plot of the samples gives us a global picture of 
gene expression

● This allows us to identify batch effects visually
● Once you know they are there, they can be corrected.
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2.  Choosing the right test

● A t-test is good for large sample 
sizes or if data is normally 
distributed

● This is usually not the case in Omics 
datasets

● Each Omics technology needs its 
own particular methodology

● 1.  A stat that fits the data
● 2.  An "information borrowing" 

technique to deal with the N >> M 
problem

https://www.statisticalaid.com/independent-sample-t-test/
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Example 1:  LInear Models for MicroArray data 
(LIMMA)

● The underlying statistical framework 
uses empirical Bayes linear 
modeling.

● Conceptually, for simple two group 
comparisons, it can be thought of as 
a moderated t-test

● Looks for differences in gene 
expression across experimental 
groups.

● But uses an empirical Bayesian 
approach to "shrink" variance

https://pmc.ncbi.nlm.nih.gov/articles/PMC4402510/
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Example 2: Differential Expression analysis for 
Sequencing data (DESeq2)

● RNA-seq gives us integer counts 
of the number of read fragments 
that map within a gene’s boundary

● Negative Binomial Regression
● Like Poisson, but allows for 

over/under dispersion through 
parameter (θ))

● Uses similar genes to estimate 
the dispersion parameter (θ))

https://bioconductor.org/packages/release/bioc/vignettes/DESeq2/inst/doc/DESeq2.html
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3.  Dealing with multiple comparisons

● Type 1 error:  Incorrectly rejecting the 
null hypothesis when the null is true.

● Finding signal when there really is none 
there

● If you set significance level (α) at 0.05, ) at 0.05, 
and run 50,000 tests across all genes

● How many false positives do you expect?
● 50000*0.05 = 2500

● How do you address it?
● Do nothing
● Control for FWER
● Control for FDR

http://prefrontal.org/files/posters/Bennett-Salmon-2009.pdf
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Dealing with multiple comparisons

● Do nothing:
● Ok if you have a specific location of interest known 

beforehand
● Do NOT look at all the results then select the location of interest

● Ok if there are a small set of interesting locations known 
beforehand

● Show them all
● Do NOT only show the significant results
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Dealing with multiple comparisons

Control for Family-Wise Error Rate(FWER):
● Make at most X false positives across all tests
● How many expected false positives in 100 tests at 

alpha=0.05?
● How many expected false positives in 100 tests at 

FWER=0.05?
● Bonferroni

● Instead of selecting 0.05 as your type I error rate, 
choose 0.05 / the number of tests

● Makes no assumptions about correlation structure in 
the multiple tests

● This is the most conservative way to deal with FWER, 
and is very hard to meet the significance threshold.  

https://biostatsquid.com/multiple-testing-correction-fdr/
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Dealing with multiple comparisons

  

Control for False Discovery Rate(FDR)
● Type I error rate:

● In all the tests I've run, how many false positives were there?
● FDR:

● Among the tests that where deemed significant, how many 
were incorrect.

● Benjamini-Hochberg Method 
● The least conservative technique and the most widely 

used in omics studies
● Define q = V/R where 

    V = # false positives, 
    R = # discoveries (rejected H0s).

● Order the P-values in ascending order, smallest first: 
P(1) < … < P(N).

● For α) at 0.05, , find the largest k such that P(k) ≤ (k/N)α) at 0.05, . 
● Then reject all H0(i) for i = 1, …, k.

https://www.youtube.com/watch?v=-oIkIdhSNeU
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Typical workflow in an Omics study

1.  Plot global signal of all samples

2.  Look for differential signals or associations across 
conditions

3.  Make sure your method deals with multiple 
comparisons
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Typical workflow in an Omics study

1.  Plot global signal of all samples
● Find outliers or potential problems with the way the data was 

prepared/processed
● See if there are batch effects that needs to be addressed
● See if there are differences between experimental conditions
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Typical workflow in an Omics study

2.  Look for differential signals or associations across conditions
● Use an R package tailored to your protocol

● deseq2
● LIMMA
● methylkit
● more

● Use specialized software developed for your protocol
● Homer
● RMats
● Bismark
● more

● Write your own
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Typical workflow in an Omics study

3.  Make sure your method deals with multiple 
comparisons

● Most of the well known bioinformatics software packages 
already take care of this

● At the very least, adjust for FDR
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Common filetypes for Omics

● What is a fastq file?
● What is a fasta file?
● What do you get when you map a fastq to a fasta?
● What is a bam file?
● What is a gtf file?
● What is a gene count file?
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