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Genetics: Ancient Foreshadowings = Mendelian traits = Polygenicity
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Dissect mechanisms of disease-associated regions
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Step 1: Large-scale profiling (e.g. 1500+ brain samples, 20M+ cells)
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Across traits (N=12, each ~48)

Across individuals (N=1500)

Across cell types (n=75+)
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Step 2: Data integration=2driver genes/regions/cells/pathways
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Step 3. Manipulate circuitry = reverse disease phenotypes

Thermogenic stimuli
(e.g. cold)
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127 Epigenomes
(Roadmap 2015)

L

834 Epigenomes
(EpiMap 2019)
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54 enriched GWAS
traits (2015)

534 enriched traits

30,247 SNPs in
enriched enhancers
=>» Highly-specific

associations Emerge

=>» Precise biological
hypotheses on
mechanistic basis

Boix et al, Nature, 2021

EpiMap: 834 tissue/cell types =2 30k GWAS SNPs in 534 traits
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Single-cell profiling across 1400+ brain samples, 5M+ cells
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Spatio-temporal AD progression across brain regions, cells, genes, pathology
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Deep Learning for Spatial
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a. Spatial ‘bulk’ expression clustering d. Spatial single-cell deconvolution (CDseq)
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Transcriptomics + Single-cell Integration
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Sub-cellular transcriptomics, single-cell RNA, and imaging in heart: Coronary Artery Disease
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Deep Learning transformers across modalities:
scCRNA, scEpigenomics, Imaging, Phenotypes

(1) Contrastive pre-training (2) Create dataset classifier from label text

Data modalities Opportunities
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Modular and programmable CRISPR-Cas9/dCas9 system

Activation Repression

.G

sgRNA \{ > B/’_<

]

DS

D

+
Enhancer

Editing Knockout

@

SNP Promoter Gene

Modularity:

* Pick perturbation type (3 lines)

* Pick cell type (differentiation)

* Pick target (sgRNA + repair template)
* Induce (Dox/Tet control)

* Environmental modulations (+AB)

S

* Activation: CRISPR-dCas9+p300

* Repression: CRISPR-dCas9+KRAB

* Editing: CRISPR-Cas9 + repair template
* Knockout: CRISPR-Cas9 cutting

rs7561528
(+30 kb)
rs744373

BIN1

-
-
-
-
-
-
-

Fold Change

& \Q,\o\o\@
& F L L&
& @@oeozoo
c9c9 & @

Guide RNA

AD: Bin1 enhancer activation
with multiple sgRNAs

0-
Qv\\r@Oo@

<

* Cross-cell-type effects (2D/3D co-culture)

\‘

T o20mv ~
250 ms
S\
05

nA

Microglia Astrocytes f. Oligodendrocytes

i)
e
s
g

miPSC 15

Neurons

T

W iPSC
M Astrocyte -1 M iOligodendrocytes

@ Astrocyte - 2

RT-qPCR
expression
Fold change

50 ms

Apply in iPSCs, differentiate into NPCs, neurons,
astrocytes, oligodendrocytes, microglia

; Maria Kousi, Michael Gutbrod, In preparation
9§ ' Collaboration with Li-Huei Tsai, Kevin Eggan, Nikos Daskalakis et al




Ultra-high-throughput assays: 7M tests + high-res

ATAC-seq to enrich for open chromatin chr7: 142,506,000 | 142,506,500 | 142,507,000 | 142,507,500 |

|
@ @ 200nt
* * 144 18
HIDRA N
Individual log2(RNA/DNA)

. . . F t
Fragmentation + PCR | High fragment density r?cr:i]\i?y
o at regulatory elements ' inchen W
—— S — 5;'.“ Inchen ang'
— T _— e Nature Comm, 2018
Size selection ' ”'“:"Q‘ 123
EX TN
Regulatory
¢ Activity

CRISPR cleanup of mtDNA

" 15—
—_— e
— T E— RNA Output
0_
15 _
O_A

Clone into plasmid v
Q DNA input
¢ RUNXS3 I

Transfect

lymphoblastoid cells 4.88 _

Conservation 0- b |

I - DR<0.05 active region

20

Sequence RNA SHARPR2 10

GFP UTR Insert Regulatory
Score (I o s

—— Regulatory activity
FWER < 0.05 threshold

-10

!!!!«

High-resolution driver element

ATAC selection = No synthesis = 7M tests  High-resolution inference of driver nucleotides
3UTR incorp. & Self-transcribe % No barcode 3 Expojt differences between neighboring fragments
Dense, random start/end = Region tiling = Driver nucleotides match motifs, evolut. conservation



Genomics + EHR integration across 1M+ patients

i _ Fentanyl citrate,fentanyl citrate (041384,11098003002) | 7
Patients Meta menOtypeS Cefazolin (009061,7313705) | | )
Tracheostomy with mechanical ventiation 96+ hours or
Lab tests ﬂ y * L{ WL

React-oth vasc devigraft (39662) [ﬂ | H

Meth sus preum dt staph (48241) | ]|
Bacteremia (7907)

. Major small & large bowel procedures with complicatiory 1IN |
Patients Enterostomy nec (4639) | 1 | H
loadin g Other postop infection (99859)

) Exploratory laparotomy (5411)

matrix Cholecystectomy (5122)

Other gastrostomy (4319)

Other operating room procedures for injuries with comp
Stomach, esophageal, & duodenal procedures age >17
QOther brain dx procedure (118)

Immobiiz/wound attn nec (9359)

Craniotomy for multiple significant trauma (HCFA,484)
Craniotomy age >17 except for trauma (HCFA,1)
Intracranial hemorrhage & stioke w/ infarction (HCFA,1

Craniotomy for rauma age >17 (HCFA2)

ICD CPT Lab

oo
nro
I_‘ nro

Prescriptions -~ | —»

=
-
=

Meta-phenotypes

DRG code —>

Multi-view Clinical Phenotypes

v

VVocab DRG Med

o
C)C)O.

Integrate ICD9, DRG, lab tests,  Learned topics cut across EHR data types,

rescriptions, doctor notes enable imputation, combletion. correction
’
- . = : || Whole_Blood )
Patient meta-phenotype mixture = = B Fonar Conex 8RS
[ | Brainzcg:?exe o
<_ . g:2:::25§:;§2T§;:a|_gangna
phenotype lab measured B | |Eoan e aocumpone basar sansta
frequenc B B brain_Hopotatamie o
uency
E = |§
= | ‘||||| o
®» @ © = P :
Yue Lj, Binary _ /) = . z :
Andy Shea, | clinical (partially missing g - !
Nature Com. S -
features observed) lab test =— a
lab results indicator B |

Multi-modal hierarchical Bayesian Integr ;gow,&igag;tjs;opﬁégm Xpression
NMAR model (MixEHR) = genesfeels of attionforcoirplexitraits

E = S copzveseoo
= =====:5zg2=82:222



Disease hallmarks: patient subtyping & personalized medicine

staning

Evading
rateratie Sioaing growth suppressors
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death = .
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Genome.
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allmarks:
le

Tx

! B |
Inspiration:: Type1  Type2 Type3

Cancer Hallmarks Patients: Hallmark comb.

 Pathway-centric disease heterogeneity
* Each patient: pathway-specific burdens

Yosuke
Tanigawa
0.84
Tx hallmarks in .
o6 late stage AD Txie
|
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o ,
o TX6 %
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* Distinct early- vs. late-AD Hallmarks
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30 Transcriptional
hallmarks
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Transcnptlonal hallmarks

saspmeds
HEIHHE GTPase regulator
83878858

* 30 Transcriptional hallmarks: distinct pathways = Distinct painting of each patient

| Cognition ) ) \
| CERAD score Fixation interval \

NIA-Reagan score Post-mortem interval

(Braak & CERAD)

*FDR < 5%
*FDR < 1%
**FDR <0.1%

i
| Braak stage (nft)
Consensus cognitive diagnosis
Global AD pathology burden
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AD status (non-AD vs. early A[} vs. late AD)
G8, G10, and G11 are
Group 3 has G6, G5, G7, G9 are

enriched for non-AD individuals
~50 % AD cases

enriched for AD cases

* Tx Hallmarks =» Distinct patient subgroups =» Diagnosis & Prognosis = Treatment



Death by Round Numbers and Sharp Thresholds: EHR and Al mining

.8 ExpeCtation -8 Dafa-Driven Reality Underlying [Underlying RiSk] Underlying risk
g Ju—— g risk produces worsenys p?atient
" " observed outcomes.
o] 4l o biomarkers. Predicts worse outcome
© ©
: /“__ : f M
> ’ >
=| £ = Observed "\~~~ Jseful to bredict 5"-“ ,( Patient
§ § 3 5 /£ : confound underlying risk and treatment. »
Creatinine (mg/dL) Creatinine (mg/dL) s s S LT,
. . . . . affect treatment improv ien
* Elevated creatinine = indicator of renal failure, decisions. S: e
so expect mortality risk to increase w/creatinine [ Treatments ]
*® |In practice, much mor mplex curve: man "
dis%ontinui’ties shar tGhrCeosth(cals Crl:)ur?d nt?m{)ers * Goodneart Law: “When a measure becomes
’ P o a target, it ceases to be a good measure”
* Reason: round thresholds trigger treatment e EHR: “When a biomarker leads to treatment
mtqrventlons that lower risk : . it ceases to be a good biomarker”
* Naive Al model: would recommend increasing
creatinine levels to reduce mortality risk: Death! f1 (331) + f (x2)+ +f (w )
e o o o "" f""

F(z) =y= o+ fi(z1) + fo(x2)+. ... +fr(z;)
TR R @@ ED
Ho_f e

Mortality Odds Ratio

— "Explainable
Creatinine (mg/dL) é é '\Bﬂc;%it_ur?egsu
|
* Generalized Additive Models (GAM): _— . [Caruana ctal

Flexible Glass-Box Models

* Decompose each variable into its drivers * GAM with Boosted Trees

* Deal with sharp thresholds

Ben [y}
Lengerich [L5 s




Multi-tissue effects: Impact of exercise + obesity

EXERCISE

Visceral
WAT

Obesity | _ Exercise
Subcutaneous Skeletal Muscle
WAT (Triceps)
Experimental Approach Atlas Crosstalk
http://scmetahmit.edu/ Intra-tissue
n=204083 At MSCseMSCs

CIBERSORT)

{0 M| —p

Bulk RNA-seq

H

MSCselmmune
Immuneeimmune

Inter-tissue
MSCselmmune

VWY — Sk
Single cell RNA-seq vWAT } t
Myeloid (@ Lymphoid
cells cells
cWAT WAT SkM
Mesenchymal Stem Cells ‘i?'“‘\g i
MSCs) ASCs ASCs FAPs Key Genes
DBP CDKNTA
Obesity Exercise . Tissue
Prominent Pathways R Expression
Circadian Rhythm Genes L 2 +
Extracellular Matrix Genes + 14 “
LK Rinhank METSIM Studv

Yang CellMetabolism 22

more calories

OBESITY

W

Bulk RNAseq

Tissue-level: ECM, Immune cells
Lipid metab. Ox.respiration (Fig.2)

Deconvolution

Cell group-level: Myeloid cells
Mature Adipocytes (Fig.4a-c)

Genetics
DBP CDKN1A (Fig.6b-c)
BMI HOMA-IR (Fig.6d-e)

Bulk RNAseq

Tissue-level: ECM, Immune cells
Lipid metab. Ox.respiration (Fig.2)

Deconvolution

Cell group-level: Myeloid cells
Mature Adipocytes (Fig.4a-c)

Genetics
DBP CDKN1A (Fig.6b-c)
BMI HOMA-IR (Fig.6d-e)

Intra-tissue
Crosstalk

N A orc <
RANKL. . RANKLO
) A

nILC2 RANKL - IPC/Fibroblast OPG
(Supplementary Fig.17 a-d)

Intra-tissue
Crosstalk

g

vy T cell RANKL » M2 MF RANK

(Supplementary Fig.17 a-d)

** Both WAT ASC ECM (Fig.4f,g,i,j)

©sCWAT & vWAT hypertophy, YWAT compromised hyperplasia (Fig.4d,e,i,j)
o Both WAT MF infiltration & M1/M2 ratio (Suppl.)

eSCWAT hyperplasia, VWAT improved hyperplasia (Fig.4d,e,i,j)
| Both WAT MF clearence & M1/M2 ratio (Suppl.)
*| Both WAT ASC ECM & 1 Circadian rhythm gene expression (Fig.4f,g,i})

Inter-tissue
Crosstalk
@'5’. "~ E6FRR—C
K

® . AREG @

...... O LD
Vo
nILC2 AREG - FAP EGFR
(Supplementary Fig.17 k-I)

S

Seven FAP
states
(Fig. 3f-)

A novel FAP

state

Inter-tissue

Crosstalk
I, co7aC

FAP MIF - M2 MF CD74

(Supplementary Fig.17 g-h)

eMinimal effect in this model (Fig. 2 & 4h)

o TcDC2 IL18 signaling (Fig.4h,k)

o TEndothelial cell & T FAP (Fig.4c) { MAB (Suppl.)
o LFAP ECM 1 Circadian rhythm gene expressionin FAP & MAB (Fig.4h k)

WAT cells

Y 4
Adipocyte
ASCs

IPC  CP

Fibroblast

Areg

SkM cells
FAP

SCA1*  SCAT

Mesoangioblast

M1

M2

Immune cells
Macrophage (MF)
AN

L ECM

niLc2 yd T cell

\

&

Circadian Rhythm Genes

Single-cell Multi-Tissue effects
Exercise rewires your metabolic tissues to burn

Stem cell reprogramming, cell-cell

communication, immune processes

Massachusets
Institule of
Techaology

Explos wabaltes, paople, and locations

Q

Too recources for

Fducatin  Research  Inngustion  Adwasion s Al

Gamauatite

Nawa  Aumnl AbsutMIT

A new study maps out the cells, genes, and cellular
pathways involved in exercise-induced weight loss. “High-
fat diets push all of these cells and systems in one way, and
exercise seems to be pushing them nearly all in the opposite

wa

” says Manolis Kellis.

v f exp




Network-level therapeutic development

Connect TF& motif &SNP enhancer&gene CellType protein>drug~ pathway~disease

Lifecycle of Therapeutics
Machine Learning
3 N

O@ Formulate meaningful
23 learning tasks

. J

/é\

r‘\ Retrieve, harmonize,
- and curate datasets

—

|

' N
Design, develop, and
@ train machine learning
model
N J

!

N

Test model performance

=%| in evaluating its behavior
across data regimes

}

=~ s THERAPEZUTICS
w DATA COMMONS

22 Learning Tasks
Cell & Gene
Small-Molecule Macromolecule &
15 Tasks 8 Tasks f WEAEY) 4]
2 Tasks

Target Activity « Efficacy <
Discovery@ Modeling @ & Safety “‘ Maruiachingy
5 Tasks 13 Tasks =% 6 Tasks
66 Al/ML-Ready Datasets
Drug_ID Drug Y
15’919‘:%32 CHEMBL15932 COc1ccec2[nHjncc12 210
Data Points
CHEMBL1527751 Oc1ncnc2sce(-c3cescd)cl2 225

1,52
34,314 £ 3,465
3983 gRNAS  icronnas

Senee i 1,994,623
4,264,939 Antigens et
Compounds 3656 =
sogsr  Amiodies 7005 MHCs 1010
Peptides Diseases Cell

Lines.

TDC Data Functions
®(" 5 Realistic TDC Data Splits Functions

kA# 17 TDC Molecule Generation Oracles
%’@ 11 TDC Data Processing Helpers

23 TDC Evaluator Functions

Regression: 6 Metrics Binary: 8 Metrics

Multi-class: 3 Metrics Molecule: 6 Metrics

TDC Leaderboards

TDC Data Split Functions
Sran [ Vaid ] [ Test |

D

© Entity Type 3

Random Scaffold Temporal Cold-start ~ Combination
Spit  sSplt  Spit  Split Split

TDC Molecule Generation Oracles

TDC
o g
Generated T

Molecules Optimize

[ Docking | (askcos] [ unks || aske |

[DRD2][ M1 ][ QED ][ ...... ]

TDC Data Processing Helpers

[Format Exchange] [ Visualization ]

4 B 22 ADMET Group Benchmarks - 3
Compare the model 5 Drug Combination Group Benchmarks [ Binarization] [ Data Balancing] [Unit Conversion]
n%ﬁ to alternative strategies 1 Docking Score Molecule Generation Benchmark [ potabes Duen ] [ Molecule Filters ]
e P 1 Drug-target Binding Generalization Benchmark

Simulation

Functional space

L=

Desired properties (redox
potential, solubility, toxicity)

Experiment or

- simulation (Schrodinger
Chemical space equation)

oy, "
2 A (T
;;_»2 .2 vie 5: : : jﬁ

(Drug-like, photovoltaics,
polymers, dyes)

Virtual screening

High-throughput virtual
screening (e.g., with 3
filtering stages)

De novo drug design

Optimization,
evolutionary strategies,
generative models (VAE,

GAN, RL)

gt by

Leverage large-scale training data for drug design

Henry Herce

Multiple therapeutic modalities. E.g. IRX3

Brad Pentelute

Wil Target: Protein, target sites, enhancer, RNA
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» My own family: Obesity, cancer, stroke, diabetes
» My own predispositions: obesity, blindness, cancer.
» Genetics: Each of us in this room carries mutations

» Environment: pollution, nutrition, sedentary lifestyle
» Systemic disorders: obesity, diabetes, cancer, heart
» Pathogens: infections, immune dysregulation, cancer
» Lifespan: Alzheimer’s, new diseases

Transforming pharma

Molecular Biology

Revolution I
Revolution
I - Analysis Revolution

Medicine Revolutiin

>~

The future -
—

Genome Sequencing

TODAY

General preventive
recommendations

110 years ago

oatd
No prognosis
Treat symptoms
* Always surprised = Prognosis: Mendelian, Poly%enic Scores
* Misdiagnosis = Better biomarkers, Multi-modal diagnosis
* Treat manifestations =» Address root causes, causal hallmarks

Personalized
treatment

Personalizing Medicine
*® I@ ‘1@‘ [ @IS

el
A

» Polygenicity: Thousands of variants

» Convergence: Small number of common pathways
» Hallmarks of disease: causal pathways

» Manipulation: reverse disease circuitry

» Individualized treatment: combine pathways

» Each Patient: different combination

» Burden: Accumulation of pathway perturbations
» Omics: Genetic, epigenomic, transcript, proteomic

P |

. e = v

» CS: ML, DeepNN, DNA code, circuitry, big data
» Bio: High-throughput profiling + manipulation
» Chemistry: Libraries, synthesis, modularity

» Biotech: New technol. for rewiring, delivery

~

* Monolithic: AD,T2D,Cancer =» Heterogeneity: symptoms+causes
* Monolithic: AD = Understand components: Ab, tau, infl, lipids

* Silos: tissues, departments = Interplay, commonalities, sharing
* Treatment too late =» Preventive personalized interventions

» Finance: long-term 10-year 20-year ‘biobonds’
» Pharma: partnership, pre-competitive sharing

» Patients: empowrmnt, personalization, sharing
» Hospitals: combine cohorts, increase power



The role of CS+Al in Transforming Medicine

3rd hidden layer
(object parts)

2nd hidden layer

(corners and

Brain-penetrating S,
microelectrodes - — - [ < T mV
< 200 Hz

adaa 27500 Y
0.1-7 kHz

<200 Hz

ECoG ) i ;“".v« \ ".‘*v,’;‘“* 0.01-5mV
| v

1

* Computational programming language of the genome

* Systems-level interventions for rewiring cellular circuitry
* Information-theoretic prioritization of experiments

* Genomic transformation of food production/resilience

* Design organisms that use CO, for energy production

* Understand/reverse pseudotime progression of aging

* Brain information storage, HCI direct information transfer
* Brain-inspired new deep learning cognitive architectures
* Million-fold multiplex perturbations and measurements
* Hardware acceleration, compressed computing

* Robustness-first programming/robotics paradigms

* Evolution/Evolvability-first system design paradigms

* Complete multi-modal understand. of EHR/medical state
* Design of new proteins/drugs/therapeutic structures

* Cracking & reversing circuitry of Alzheimer’s, Obesity,
Psychiatric, Cardiac, Immune, Cancer, all of disease

* Representation learning as a window to artificial
intelligence

* Systems-level understanding of biological functions and
processes



. Group alumni now profs at

- CMU, Stanford, McGill,
o Harvard UCLA, UConn UMD,
s=... Johns Hopkms UC Irvine, UC
" Davis, EPFL, UC Boulder,
“ Harvey Mudd, Vienna IMP,
Barcelona CRG, Baylor College
of Medicine, MD Anderson...

B

Journal Impact Factor Papers o o e R

New England J of Medicine 70 1 Qua ntlfyl ng

Nature IF=43 N=40

Science IF=41  N=14 Im pact:

Nature Biotechnology 36 9 a

Cell 36 4 Alumni,

Nature Methqu 28 4 publications,

Nature Genetics 27 9 . .

Nature Neuroscience 21 3 citations, grants

Mol Biol Evol 15 4

Genome Res 14 28

Genome Biol 13 8 40 Nature papers - :

Nature Struct. Mol. Biology 13 1 14 Science papers e =

Nature Communications 12 13 ‘ - r— -
Nucleic Acids Research 11 11 75 NatureFam papers s — i e :
PNAS Proc. Nat. Acad Sci 10 7 151 Papers w/ IF>10

— 79000 18 active grants on Alzheimer’s,
19,000 C|ta_t|oqs/year schizophrenia, bipolar, cancer,
130,000+ citations metabolism, immune, ALS, aging, Down

h-index: 129 : . .
. . 9500 syndrome, single-cell profiling, disease
110-index: 277 oo dissection, genetics, epigenomics,
seqguencing, and many more...
=m mE HHE l I I I : :

2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021 (eg $23M as Of In Sprlng 2022)

14250




So come to MIT/CSAIL/CompBio — and join us! :-)

s oy k)
+ Ve vl

Big Data b oo

12 3 4 5 6 7 8 9 10 11 1213 1415 1617181920212 1

Start with disease genetics: A+ Eplgenome

+ M a C h i n e Le a r n i n g Common + rare variants in healthy Hii%ase samples

4. Disseminate results

+ Experimental Validation e
=» Impact + Fun!

3. Validate predictions in 2. Integrate data to predict driver
human cells + mouse models genes, regions, cell type52

compbio.mit.edu — Prof. Manolis Kellis
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CSAIL faculty with research programs in CB span
many areas: ML, Al, Vision, Theory, Systems,

CSAI LLanguages, Architecture, Computational Biology.



Pharma/Biotech surrounds MIT - Lo
(many started by MIT faculty + trainees)
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Prof. Philip Sharp, 2017, modified by H. Sive



