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The Next generation Sequencing Revolution. Hyperexponetial development!
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What is next generation sequencing?
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Multiplexing
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A. Two representative DNA fragments from two unique samples, each attached 10 a spedific barcode sequence that identifies the sample
from which it orignated.

B. Ubraries for each sample are pooled and sequenced in paralel. Each new read contains both the fragment sequence and its sample-
identifying barcode.

C. Barcode sequences are used to de-multiplex, or differentiate reads from each sample,

D. Each set of reads is aligned to the reference sequence.
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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.qg., 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

Number of reads per run
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Box 3 | Staged sequencing for predicting sequencing requirements

Possible metrics:

» General transcriptome coverage:
percentage of genes covered over
90% at a given expression level

» Differential expression:
number of differentially

expressed genes

e Alternative isoform detection:
percentage of split reads (that is,
junction that spans reads)

* ChIP-seq peak detection:
number of enriched loci

More sequencing could
increase information

1 More sequencing would
1 provide little additional
vinformation

Metric

Number of mapped reads or number
of biological replicates
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What you capture is what you get DNA.

Whole Genome,

Coding Genome

Specific interactions

Example, studying the chromatin



Capturing the chromatin
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Figure 1. Schematic diagram of ChIP-seq, CUT&RUN, CUT&Tag, and DAP-seq. (a) ChIP-seq:
formaldehyde crosslinks and fragments the protein and DNA, followed by immunoprecipitation
of the protein-DNA complex using antibodies to the target protein, and finally uncrosslinking and
purification of the DNA fragment and sequencing of the DNA fragment; (b) CUT&RUN: cells are
incubated sequentially with antibody and pA-MN, and at 0 °C, Ca++ is added, MNase cleaves DNA
on both sides of the binding site, and the fragmented DNA is adapter-ligated, library-prepared, and
sequenced; (¢) CUT&Tag: cells are incubated sequentially with antibody and pA-Tn5, and at 37 °C,
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Mapping accessible genome

N )R TN}

lDNaseI —o MNase 7°

s

DIND .9 .2 D
2 9 2 a2

PR _ Degrade naked DNA
Adapter ligation ’ ’ ’ ’

R \ AN l Adapter ligation Figure 2. Schematic diagram of DNase-seq, MNase-seq, ATAC-seq, and Nome-seq. (a) DNase-seq
N — & X A cleaves accessible chromatin regions characterized by DHSs with DNase I; (b) MNase-seq uses MNase
to cleave inter-nucleosomal DNA and to degrade the naked accessible DNA; (¢) ATAC-seq uses Tn5
l M transposase to ligate sequencing adaptors while cutting DNA fragment; (d) Nome-seq uses M.CviPI
Sequencing l GpC methyltransferase (MTase) to methylate GpC in accessible chromatin to GpCm, and bisulfite

treatment can distinguish GpC from GpCm.

Sequencing

Js = 0%t o @oo o0 @

L 9, 0.0 9, e
1 253 ¢ Bor 00 G

\ \ \ 1

\ﬁ
Hl 99 990 ¢ 00 ¢e o

147bp  Accessible 147bp Accessible  147bp
Nucleosome chromatin Nucleosome chromatin Nucleosome

Bisulfite treatment
and sequencing

Sequencing



RNA Seq

Bulk: Collect everythingin the tissue. Sequence some. The more one covers the lesser the depth
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Mapping
Ribosomes
RIBO-Seq
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Single cells approach
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Drop—-Seq scRNA-seq
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Single cells and Single nucleus

approaches
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Sequencing budget allocation problem Optimal trade-off for a single gene
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Fig. 1 Optimal sequencing budget allocation. a Description of the sequencing budget allocation problem. Consider estimating the underlying gene
distribution (top) from the noisy read counts obtained via sequencing (bottom). With a fixed number of reads to be sequenced, deep sequencing of a few
cells accurately estimates each individual cell but lacks coverage of the entire distribution (left), whereas a shallow sequencing of many cells covers
the entire population but introduces a lot of noise (right). b Optimal tradeoff. The memory T-cell marker gene ST00A4 has 41.7k reads in the pbmc_4k
dataset. For estimating the underlying gamma distribution Xy~ Gamma(rg, Bg), the relative error is plotted as a function of the sequencing depth, where
the optimal error is obtained at a depth of one read per cell (orange star) and is two times smaller than that at the current depth of pbmc_4k (red triangle).
¢ Experimental design. To determine the sequencing depth for an experiment, first the relative gene expression level can be obtained via pilot experiments
or previous studies (top left). Then the researcher can select a set of genes of interest (i.e.,, some marker genes highlighted as black dots), of which the
smallest relative expression level p* (MS4AT1) defines the reliable detection limit. Finally, the optimal sequencing depth is determined as n;, , = 1/p* (top
right). The errors under different tradeoffs are visualized as a function of the genes ordered from the most expressed to the least (bottom). The optimal
sequencing budget allocation (orange) minimizes the worst-case error over all the genes of interest (left of the red dashed line), whereas both the
deeper sequencing (green) and the shallower sequencing (blue) yield worse results.
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Different input, different output
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fold change, grey = not detected in the dataset). (f)
Density plots for each method of In([average FPKM] +
1) of DI (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 In(variance) to
In([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
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Part 2: From Genomes to Targets



The Dream

The NIMH as a case study

The Problem
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PSYCHIATRIC DRUG DISCOVERY
Revolution Stalled

Steven E. Hyman

Drug discovery is at a near standstill for treating psychiatric disorders such as schizo-
phrenia, bipolar disorder, depression, and common forms of autism. Despite high
prevalence and unmet medical need, major pharmaceutical companies are deemphasiz-
ing or exiting psychiatry, thus removing significant capacity from efforts to discover new
medicines. In this Commentary, | develop a view of what has gone wrong scientifically
and ask what can be done to address this parlous situation.

From an economic perspective, drugs for
psychiatric disorders have historically been
among the largest sources of revenue (Table
1) for the pharmaceutical industry. Given
the high prevalence of psychiatric
disorders (1), their massive effect
on global disease burden (2), and
limitations in the efficacy of cur-
rent therapies, large markets for
new and better therapies already
exist, and current demographic and
socioeconomic trends predict the
development of expanded markets.
Such projections are based on gains
in global life expectancy, increas-
ing attention to mental health and
cognitive performance in the devel-
oped world, rapid unplanned ur-
banization in the developing world,
and large numbers of individuals
affected by conflict and postconflict
situations worldwide.

Advances continue to be made
in modes of cognitive psychother-
apy (3) and in device-based psy-
chiatric treatments (4); but despite
the growing market opportunities,
major pharmaceutical companies
recently announced substantial
cutbacks or complete discontinu-
ation of efforts to discover new
drugs for psychiatric disorders (5,
6). This exodus creates a danger-
ous gap in the public health eco-

drugs can be readily deployed in
both primary care and specialist
settings and, when generic, can be
highly cost-effective. Although large com-
panies may continue to in-license new drug
candidates, their complete or near com-
plete exits from psychiatric research deplete

Broad Institute of MIT and Harvard, Cambridge, MA
02142, USA.
E-mail: seh@harvard.edu

expertise and financial resources from ther-
apeutics discovery. Here, I describe how we
arrived at this crossroads and how we might
get back on a productive path of discovery.

Fig. 1. Terrible thing to waste. Pharma has removed psychiatric
system, because safe and effective  diseases from its body of drug discovery projects. Geneticists might ~ of course. Important advances

help reverse the trend. [The Pilgrim by René Magritte. 1966]

BRILLIANT PROMISE UNFULFILLED

John Cade discovered the sedating effects
of lithium in 1949, first in guineas pigs and
soon thereafter in manic patients. In the re-
markably short period that followed—less
than a decade—prototypes of the other
major classes of psychiatric drugs were

www.Scienc

identified: the antipsychotic drugs (begin-
ning with chlorpromazine), antidepres-
sants [the tricyclic drug imipramine and
the monoamine oxidase inhibitor (MAOI)
iproniazid], and benzodiazepines (chlordi-
azepoxide). Each of these discoveries had
an important component of serendipity
but also motivated path-breaking research
on neurotransmitter release, receptors, and
transporters (7).

‘What has happened—or rather not hap-
pened—in the intervening half-century was
as unexpected as the initial spate of discov-
eries. Many antidepressant drugs have been
developed since the 1950s, but none has
improved on the efficacy of imipramine or
the first MAOIs, leaving many patients with
modest benefits or none at all (8, 9). Anti-
psychotic drugs achieved a peak
in efficacy—never equaled (10)
and still not understood—with
the discovery of clozapine in the
mid-1960s.  Although valproic
acid and other drugs developed as
anticonvulsants were shown in
the early 1980s to be mood stabi-
lizers, lithium remains a mainstay
of treatment for bipolar disorder,
despite its serious toxicities. There
are still no broadly useful pharma-
cological treatments for the core
symptoms of autism—social defi-
cits, language delay, narrowed in-
terests, and repetitive behaviors—
or for the disabling negative (defi-
cit) and cognitive symptoms of
schizophrenia (11, 12). The mo-
lecular targets of all of today’s ap-
proved psychiatric drugs are the
same as the targets of their pre-
1960 prototypes (Table 2), and
their mechanisms of action are
not understood beyond a few ini-
tial molecular events (13). Indeed,
the critical molecular target (or
targets) for lithium have not been
established with certainty (13).

There has been some progress,

have been made in the safety and

tolerability of antidepressants.

More recently, clinical observation
and small clinical trials with ketamine have
suggested that the N-methyl-p-aspartate
(NMDA) glutamate receptor channel rep-
resents a possible new target for antidepres-
sants associated with more rapid onset of
therapeutic effects (14). A second generation
of antipsychotic drugs was developed on the

ineorg 10 October 2012 Vol 4Issue 155 155cm11 1



The Dream

The NIMH as a case study g
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The Dream

The NIMH as a case study

No new Therapeutic Principle from rational approaches
Current development centered around rediscovering old “socially controversial” drugs.

The Result so far: THC, Psychadelics, Ketamine...

Who said only Al 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

DbioRxiv preprint doi: https://doi.org/10.1101/2025.05.28.656743;
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Figure 1.
Differential expression profiles in humans with MDD reveal distinct sex-specific

transcriptional signatures across brain regions. a,b, Rank-rank hypergeometric overlap
(RRHO) maps comparing region to region transcriptional profiles in a, males and b, females
with MDD. The upper left panel in a displays the overlap relationship across brain regions.
The color bar between a and b represents degree of significance. ¢, RRHO maps directly
comparing male and female transcriptional profiles across brain regions. Degree of
significance is depicted in the color bar below the RRHO maps. d, Venn diagrams displaying
low overlap between genes differentially expressed (p<0.05) in males (blue) and females
(pink) across brain regions. e, Heatmaps comparing transcriptional changes (log fold
change; below the heatmaps) in males and females with MDD compared to controls across
brain regions.
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Pharmacogenomics of GPCR Drug Targets
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Figure 1. Pharmacogenomic Landscape of GPCR Drug Targets

Schematic highlighting the different types of data analyzed in this study, ranging from data on drug targets, variants, functional effects, sequences, structures to

information on prescription, and sales of drugs in the UK.

SUMMARY

Natural genetic variation in the human genome is a
cause of individual differences in responses to med-
ications and is an underappreciated burden on
public health. Although 108 G-protein-coupled re-
ceptors (GPCRs) are the targets of 475 (~34%)
Food and Drug Administration (FDA)-approved
drugs and account for a global sales volume of
over 180 billion US dollars annually, the prevalence
of genetic variation among GPCRs targeted by
drugs is unknown. By analyzing data from 68,496
individuals, we find that GPCRs targeted by drugs
show genetic variation within functional regions
such as drug- and effector-binding sites in the
human population. We experimentally show that
certain variants of p-opioid and Cholecystokinin-A
receptors could lead to altered or adverse drug
response. By analyzing UK National Health Service
drug prescription and sales data, we suggest that
characterizing GPCR variants could increase pre-
scription precision, improving patients’ quality of
life, and relieve the economic and societal burden
due to variable drug responsiveness.

The coding genome
Modulating drug response
and population heterogeneity
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Figure 2. Distribution of Individuals Harboring
Missense Variation in GPCR Drug Targets

(A and B) Estimates based on genotype data from
2,504 individual genomes was made per individual
on (A) number of missense variants in GPCR drug
targets (left) and the number of GPCR drug targets
harboring a missense variation (right) and (B)
number of clinically known variants that alter effi-
cacy of drug response or toxicity in GPCR drug
targets (left) and the number of affected GPCR drug
targets with clinically known mutations (right).

(C) Allele frequencies of variants, known to alter
drug response in 2,504 individuals (number of
homozygous/heterozygous carriers) (Table $2).

(D) Analysis of 1,762 studied trios (father-mother-
offspring) revealed a total of 9 de novo missense
mutations in 6 GPCR drug targets.
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Figure 3. Genetic Variation Landscape of GPCR Drug Targets

(A-C) Scatterplots of (A) missense variation (red), (B) loss-of-function mutations (blue), and (C) copy-number variation (purple) for GPCR drug targets. Each
mutation type shows the number of observed variants (separated into deletions and duplications for CNVs) for a given GPCR drug target. Missense variation
density was obtained by normalizing number of missense mutations to the receptor sequence length. Loss-of-function mutations are presented as the minimum
percentage of individuals harboring at least one copy of a protein-truncating variant (STAR Methods), Correlations and mean values () are shown for MVs and
LoFs. Mean values (p) for the distributions are provided. Genetic variation landscapes of GPCR drug targets that are in clinical trials are provided in Table S3 and

S4). Lower half of the figure shows the distribution of top 10 (upper panels) and bottom 10 ranking GPCR drug targets (lower panels).

See also Figures S1, S2, and S3.



A 14,192 mutations in 108 GPCR drug targets from 60,706 individuals
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Predicting drug efficacy and
toxicity from drug induced
changes in expression profile
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Figure 1. PharmOmics data processing pipeline and database summary

(A) FDA-approved drugs were searched against GEO, ArrayExpress, TG-GATEs, and DrugMatrix data repositories. Additional experimental drugs and
chemicals from TG-GATEs and DrugMatrix were also included. Datasets were first annotated with tissue and species information, followed by retrieval of
dose-/time-segregated signatures using LIMMA (Ritchie et al., 2015) or meta-analysis drug signatures using GeoDE (Clark et al., 2014) and Robust Rank
Aggregation (Kolde et al., 2012). These signatures were used to conduct drug repositioning analysis and hepatotoxicity prediction based on either direct
gene overlaps or a gene-network-based approach.

(B) Summary of available datasets based on data sources and tissues. Y axis indicates unique dataset counts, and X axis indicates tissue and data resources.
(C) Summary of available datasets based on tissues and species. Y axis indicates unique dataset counts, and X axis indicates tissue and species.

(D) Summary of available datasets based on data sources and species. Y axis indicates unique dataset counts, and X axis indicates data resources and
species.
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Test with known drugs
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Test potential drug repurposing
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In brief

A multi-cell-type drug discovery strategy
targeting dysregulated gene networks in
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irinotecan as a combination therapy that
significantly improved memory and
reduced pathology in preclinical
Alzheimer’s models.



Publicly-available snRNA datasets:

= Mathys et al 2019: 24 AD, 24 controls
= Zhou et al 2020: 11 AD, 11 controls

= Lauetal. 2020: 12 AD, 9 controls
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AD perturbed KEGG pathways across cell types
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Overview of the computational screening pipeline
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Drug candidates that reverse disease
profile in more than one cell type
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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

AD outcome measures after drug exposure
from UC-wide Electronic Medical Record

. total # of | % AD
relative . . .
. patients in original
risk | P-value AT
(exposed| drug | indications
scores
to drug) |group
Letrozole | 0.466 |1.27E-37| 10841 1.01 |breast cancer
Irinotecan | 0.195 |9.83E-23| 2227 0.35 cancer
Methotrexate| 0.650 |4.10E-12| 27547 | 1.22| ©@ncen
autoimmune
Ciclopirox | 0.927 | 0.0306 | 47642 | 2.44 [SKn infection,
dermatitis
cancer,
Sirolimus | 0.509 | 0.0209 4155 0.34 immuno-
suppression

G pisease - drug reversal profiles

Cell-type-specific DEGs

Reversal of disease signature

An so they go showing their two drugs "work” in an animal model...
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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
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Large language models based on the transformer deep learning architecture
have revolutionized natural language processing. Motivated by the

analogy between human language and the genome’s biological code,
researchers have begun to develop genome language models (gLMs) based
ontransformers and related architectures. This Review explores the use of
transformers and language modelsin genomics. We survey open questions
in genomics amenable to the use of gL Ms, and motivate the use of gLMs and
the transformer architecture for these problems. We discuss the potential
of gL Ms for modelling the genome using unsupervised pretraining tasks,
specifically focusing on the power of zero- and few-shot learning. We explore
the strengths and limitations of the transformer architecture, as well as

the strengths and limitations of current gLMs more broadly. Additionally,
we contemplate the future of genomic modelling beyond the transformer
architecture, based on current trends in research. This Review servesas a
guide for computational biologists and computer scientists interested in
transformers and language models for genomic data.
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Deep generative models design mRNA sequences with
enhanced translational capacity and stability

He Fhang', Hadleng Lin®, Yashan Xu't, Hyoran Hoang®, Yiming Lin®, Jia Wang?, ¥an Qin®, Haiyan Wang®, Lili Ma®, Zhiyuan Xun®,
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*Comesponding author. Email: casjicong@rainabio.com (L0.); Ureligroup.org (THL}

Despite the success of mRNA COVID-19 vaccines, extending this modality to more diseases necessitates substantial
enhancements. We present GEMORNA, a generative RMA model that utilizes Transformer architectures tailored for mRNA
coding sequences (CDSs) and untranslated regions (UTRs), to design novel mRNAs with enhanced expression and stability.
GEMORNA-designed full-length mRMNAs exhibited up to a 41-fold increase in firefly luciferase expression compared to an
optimized benchmark in vitro. GEMORNA-generated therapeutic mRNAs achieved up to a 15-fold enhancement in human
erythropoietin (EPO) expression and substantially elicited antibody titers of COVID vaccine in mice. Additionally, GEMORNA's
versatility extends to circular RNA, substantially enhancing circular EPO expression and boosting anti-tumor cytotoxicity in

Further Reading

CAR-T cells. These advancements highlight deep generative Al's vast potential for mRNA therapeutics.

Meszenger RNA (mBNA) vaccines have proven effective in
preventing COVID-14 (1, 2. There are numerous efforts to ex-
tend mBMNA therapeutics to other indications (2 4), but
stronger and longer-lasting protein expression is necessary
for these applications to be successful (5). Designing optimal
mEBNA sequences, including the coding sequences (CDSs) and
untranslated regions (UTRs), is of paramount importance to
realizing the broad potential of mRNA therapeutics via en-
hancing their translational capacity (6}, but remains chal-
lenging due to the extensive potential mENA sequence space
(Fig. 14). Within this extremely large space, mBRNA=s exhibit
wide differences in expression-related properties. Moreover,
the presence of multiple optimization metries with complex
interdependencies, along with hidden objectives linked toim-
plicit cellular mechanisms, adds to the complexity of this
problem.

In past decades, numerous efforts have sought to address
the challenges of mBNA sequence optimization. Previous
studies have demonstrated that optimizing nucleotide usage,
such as GC content and U percentage, or codon usage, for
example ¥ia the codon adaptation index (CAI), can enhance
mBMNA translation efficiency (7-9). However, these methods
aversimplify the problem by pricritizing a single optimiza-
tion ohjective, focusing primarily on local optimization of in-
dividual mucleotide and codons without considering
sequence and structural context. To incorporate richer con-
textual information, deep learning-based models have been
proposed for CDS optimization (50, 1), both utilizing Long
Short-Term Memory (LSTM) networks. However, these

models face limitations due to LSTMs insufficient capacity
in processing long gene sequence and also inefficiencies aris-
ing from non-parallelized training, which constrain the train-
ing data size and hindering model generalizability (22). A
recent study incorporated structural features into the optimi-
zation ohjective, enabled global optimization via dynamic
programming (11), and demonstrated a 128-fold increase in
antibady response to COVID-1% mRNA vaccines compared to
a codon-optimized baseline. However, this algorithm has not
been adapted to mBMA sequences with chemical modifica-
tions (14, I4), resulting in mismatches and reduced effective-
ness in designing sequences for therapewtic mRMNAs (6, 15).

It has been challenging to design 5 UTRs de novo since
the mechanisms governing 5° UTR regulation of mRNA
translation are not fully understood. Recently, Zeng et al. de-
veloped a 5° UTH design approach based on minimizing 5°
UTR secondary structure that demonstrated enhanced trans-
lational efficiency in cell-based assays (1§ However, other
factors that may influence initiation efficiency, such as mean
ribosome lead (MRL) and UTR-CDS interaction, were not
considered (I7). Several groups have described machine
learning-based methods for 5 UTRK design {15, 14, which in-
itially trained predictive models on labeled data and then in-
corporated them into genetic algorithms for 57 UTR
sequence evolution. These methods depend heavily on the re-
liahility of the predictive models, and the evolutionary algo-
rithms can be hindered by local optima.

We developed generative models to design mBENA se-
quences with improved translational capacity. Drawing
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Fig. 1. Overview of designing full-length therapeutic mMRNAs with GEMORNA. (A) Schematic representation of all
possible mRNAs encoding firefly luciferase, including the 5" UTR, CDS, and 3' UTR sequences, illustrating the vast
potential MRNA design space. Arrows between adjacent nucleotides (or codons) indicate possible choices at each
position, with each path in the graph represents a unique full-length mRNA sequence with distinct UTR and CDS
configurations. The highlighted blue path represents the natural alpha-globin UTRs with a codon-optimized CDS,
while the purple path corresponds to GEMORNA's design. Note that the UTR's length (N: and N2) can vary, whereas
the CDS length (L) is constrained by the required protein length. C(y;) denotes the number of possible codon choice
for a given amino acid y; at each position. (B) GEMORNA-driven full-length mRNA design pipeline. The vast total
design space is narrowed down by GEMORNA into a high-potency generation space, further validated through in vitro
and in vivo experiments to reach hit space. To achieve this, GEMORNA models are trained to capture key features
influencing MRNA expression and stability, ensuring that the GEMORNA mRNAs fall within the high-potency
oeneration space.
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