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Lecture Plan 

Part 1: What is it we measure, types of sequencing and meaning.  

Part 2: Going from genome to drug development



The Next generation Sequencing Revolution.                                         Hyperexponetial development!



What is next generation sequencing? 

Preparation Sequencing

RNA Seq Blog.com Illumina



Multiplexing 

Illumina



Next generation sequencing metrics 

1. Sequencing Depth (Read Depth): The average number of times each base is sequenced 
(e.g., 30x, 100x). Higher depth increases confidence in detecting rare variants or 
somatic mutations.

2. Coverage (Breadth): The percentage of the target genome or region that is covered by 
at least one read (e.g., 95% of the genome).

3. Base Quality Score (Q-Score): Measures the probability that a base call is incorrect. A 
Phred score of 30 (Q30) corresponds to a 1 in 1000 error rate (99.9% accuracy).

4. Uniformity of Coverage: Indicates how evenly reads are distributed across the target 
region. Poor uniformity results in some areas having too little depth (false negatives) 
and others too much (wasted resources).

5. On-Target Rate: For targeted panels, this measures the percentage of reads that map 
to the intended target region versus unintended, random background DNA.

6. Duplication Rate: The proportion of reads that are PCR duplicates, which can falsely 
inflate coverage and complicate variant calling.

7. GC-Bias: The tendency of some sequencing platforms to under- or over-represent 
regions with high or low GC content, affecting overall coverage uniformity.



Next generation sequencing metrics use 

Affected by technology Different across use



What you capture is what you get DNA. 

Whole Genome, 

Coding Genome

Specific interactions 

Example, studying the chromatin 



Capturing the chromatin 



Mapping accessible genome



RNA Seq

Bulk:  Collect everything in the tissue. Sequence some. The more one covers the lesser the depth



Mapping 
Ribosomes 
RIBO-Seq 



Mapping 
Ribosomes 
RIBO-Tag Seq



Single cells approach 



Single nucleus approach

Lyse Cells

Stain Nuclei using DAPI FACS Sort



Single cells and Single nucleus 
approaches 



Spatial RNA Seq



Different input, different output



Figure 1. Library characterization demonstrates fewer 

differentially expressed transcripts and a predominance

of protein coding genes in RiboTag compared to whole 

cell and nuclear RNAseq. (a) Method scheme for whole

cell FACS, nuclear FACS, and RiboTag affinity 

purification showing key differences in steps involving 

sample preparation, cell dissociation, and retrieval of 

cellular fractions. (b) Density plot for all methods of 

ln([average FPKM] + 1) of all genes captured shows 

that RiboTag does not capture a number of genes. (c) 

Density plots for all methods of ln([average FPKM] + 1) 

of differentially expressed genes show similar 

distributions across method. (d) Overlap of D1- and D2-

enriched differentially expressed genes across all 

methods (total D1 overlap = 134; total D2 overlap = 
64). (e) Fold change of differentially expressed genes 

from most D1-enriched in yellow to most D2-enriched in 

blue, sorted by fold change in whole cell (black = low 

fold change, grey = not detected in the dataset). (f) 

Density plots for each method of ln([average FPKM] + 

1) of D1 (dark line) and D2 (light line) differentially 

expressed genes in the respective cell types; medians are 

indicated with dashed lines.

(g) Mean-variance plots comparing ln(variance) to 

ln([average FPKM] + 1) of differentially expressed 

genes in pooled D1- and D2-MSNs show only slight 

differences across methods. (h) Gene biotype 

distributions for each method’s differentially expressed 

genes show a decreasing proportion of protein coding 

genes from the RiboTag to the whole cell to the nuclear 

dataset.



Part 2: From Genomes to Targets 



The Dream

The NIMH as a case study 

The Problem



The Dream

The NIMH as a case study 

The Solution? 

Sanilow et al., 2019 Neuron

-GWAS validated hypothesis
-Genome wide & 
Computational  approaches 
-Integration across 
dimensions
-Scrap legacy models 



The Dream

The NIMH as a case study 

The Result so far:  

No new Therapeutic Principle from rational approaches

Current development centered around rediscovering old “socially controversial” drugs. 

THC, Psychadelics, Ketamine…  

Who said only AI can hallucinate? 

So, what can we do with genomic information?
What can we learn to guide 
-Personalized medicine 
-Toxicology 
-Target identification

Here are a few existing studies  



So, what can we do with genomic information?
What can we learn to guide 
-Personalized medicine 
-Toxicology 
-Target identification
-Drug repurposing based on genome wide impact? 

Here are a few existing studies 

Interesting design but limited in scope 



Sex as a variable



Gene expression signatures are 
different across sex 

Different gene expression signature have the same phenotype



The coding genome
Modulating drug response 
and population heterogeneity 











Predicting drug efficacy and 
toxicity from drug induced 
changes in expression profile 









Test with known drugs



Test potential drug repurposing 





Used : Stuart, T., Butler, A., Hoffman, P., Hafemeister, C., Papalexi, E., Mauck, W.
M., Hao, Y., Stoeckius, M., Smibert, P., and Satija, R. (2019). Comprehensive Integration of Single-Cell Data. Cell 177, 1888–1902.e21. https://doi. 
org/10.1016/j.cell.2019.05.031. –
 Korsunsky, I., Millard, N., Fan, J., Slowikowski, K., Zhang, F., Wei, K., Ba
glaenko, Y., Brenner, M., Loh, P.R., and Raychaudhuri, S. (2019). Fast, sensitive and accurate integration of single-cell data with Harmony. Nat. 
Methods 16, 1289–1296. https://doi.org/10.1038/s41592-019-0619-0. -

Single nucleus Seq
what can be done 
with public datasets



Using cell-type-specific 
AD profiles from our 
integrated analysis, we 
screened for network-
correcting drug 
candidates by querying 
each profile against the 
Connectivity Map
(CMap), a drug 
expression database 
generated with human 
cancer cell lines, via a 
computational pipeline 
that matches gene 
expression profiles of 
diseases and existing 
drugs



Post Hoc human efficacy study Reversal of disease signature

An so they go showing their two drugs ”work” in an animal model… 



Future frontiers 

• Improving upon these classic computational approaches using 
machine learning 

• Improve understanding of larger scale genome organization (not 
addressed by Alpha-Genome) 

• Generate artificial genome or optimized RNAs for therapy 



Further Reading 



Further Reading 



Further Reading 
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