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cancer is A leading cause of death

Cancer Facts & Figures 2021 - The American Cancer Society

In 2021, in the United States alone: 

1,900,000 new cancer cases will be diagnosed 
600,000 are expected to die of cancer 
More than 16,900,000 are living with a history of cancer 

Many cancers have very poor five-year survival rates 
and are in need of significantly be!er therapies

percent surviving after five years



molecular target !: Bcr-Abl fusion constitutively activates ABL in CML patients, 
resulting in unchecked white blood cell proliferation

imatinib bound to Abl  
[PDB:1IEP]

[1] Nature Biotech 23:329, 2005 
[2] as of 29 Mar 2022: h!p://www.brimr.org/PKI/PKIs.htm  
[3] Global Kinase Inhibitor Markets 2019-2020 and 2027 [URL]

human kinome 
[~500 kinases]

imatinib 
[blockbuster drug]

staurosporine 
[toxic natural product]

71 small molecule kinase inhibitors have been approved by the FDA [2] 
Global annual kinase inhibitor market $40B in 2020; expect $65B in 2027 [3]

Small molecule kinase inhibitors can have significant 
therapeutic benefits on cancers involving kinase dysregulation

[1]

https://emojipedia.org/emoji/%F0%9F%8E%AF/
http://www.brimr.org/PKI/PKIs.htm
https://www.globenewswire.com/news-release/2020/09/09/2090718/28124/en/Global-Kinase-Inhibitors-Markets-2019-2020-2027-Surge-in-Product-Approvals-Increase-in-Incident-of-Cancer-Diseases.html


kinase inhibitors can have significant therapeutic 
benefits on cancers involving kinase dysregulation

anti-tumor activity treatment duration

larotrectinib

Analysis of three open-label trials (phase I, adults; phase I/II, children; phase II, adolescents/adults) assessing larotrectinib for treating advanced solid tumors 
with NTRK gene fusion (N = 55). Trial IDs NCT02122913, NCT02637687, and NCT02576431.

Drilon et al., NEJM 378:731, 2018 [DOI]

How can we develop more therapeutics that yield durable response?

http://clinicaltrials.gov/show/NCT02122913
http://clinicaltrials.gov/show/NCT02637687
http://clinicaltrials.gov/show/NCT02637687
http://clinicaltrials.gov/show/NCT02576431
http://clinicaltrials.gov/show/NCT02576431
https://doi.org/10.1056/nejmoa1714448


drug resistance is a major challenge for 
targeted kinase inhibitor therapy

Wagle et al. J Clin Oncol 2011 [DOI]
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Mutations in the target of therapy can reduce the durability of response 
Need an armamentarium of second-line therapeutics or broad activity against mutants

https://doi.org/10.1200/jco.2010.33.2312


the long tail of cancer mutations frustrates the 
prediction of resistance

Missense mutations 
from MSK-IMPACT 

68
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mutation recurrence

RecurrentRare

Zehir et al. Nature Medicine 23:703, 2017 [DOI] 
Hauser et al. Communications Biology 1:70, 2018 [DOI]

The vast majority of mutations are rare: 
Unlikely to be clinical or biochemical evidence of 
whether they confer drug resistance or susceptibility

seen only once

seen < 10 times

seen < 5 times

Out of 10,000 tumors sequenced by MSKCC 
-

55,217 missense mutations in 
MSK-IMPACT panel kinases

https://doi.org/10.1038/nm.4333
https://doi.org/10.1038/s42003-018-0075-x


(Figure 1b), E255V, G250E, F311I, E255K/V and F311I clones
were rapidly selected (n¼ 7); Y253H/F, T315I and F359V
generally persisted (n¼ 6), while F317L, M351T and E355G
were sensitive (n¼ 8). T315I again evolved slowly and the
G250E was both selected and deselected upon treatment,
indicating that there were additional determinants besides those
characteristics of the mutant proteins themselves for these
patients. In general, selection and deselection patterns observed
were obvious as early as 3 months of treatment, in particular for
patients receiving dasatinib. After initial rapid changes, most
curves show saturation kinetics after 3 to 6 months, but in
isolated cases clones decreased also at 12 months of drug
exposure. Therefore, in an attempt to further characterise the
in vivo drug sensitivity profile, clonal increase/decrease levels

observed at 3 months of treatment were compared with
quantitative measurements of in vitro resistance based on
analysis of cell viability (IC50 analysis3,4). As shown in Table 1,
most of data agree with the in vitro results, which might be
surprising, considering the heterogeneity of the approaches.
However, for single mutations pronounced differences were
found; in particular, for BCR–ABLT315I, the observed short-time
kinetics are not in agreement with the high in vitro resistance
shown by the IC50 levels of above 250. Thus, the comparisons
highlight discrepancies between the in vivo and in vitro
resistance settings, particularly for BCR–ABLT315I. Therefore,
we sought to identify factors associated with selectivity patterns
in vivo that are not operative in vitro. For that purpose, general
patterns of dynamics observed in all individual subjects,
harbouring multiple mutations, including those that harboured
BCR–ABLT315I were evaluated (Figure 2). In apparent contrast to
the distinct nature of T315I in IC50 measurements in vitro, the
emergence of BCR–ABLT315I is not associated with immediate
relapse kinetics; but rather, a slow and steady increase of the
T315I subclones can be seen. Thus, despite the slow evolution
of the T315I clones, it appears poised to become the dominant
clone in several cases. Obviously, the BCR–ABLT315I observed
in subject 15 is not in a position to replace the drug-sensitive
BCR–ABLY253H as rapidly as the BCR–ABLF317L does (subjects 7,
11 and 14). Although leukaemic burden is stabilized at a high
level by the evolving BCR–ABLF317L (ratio never drops below
10%) in parallel to deselection of the BCR–ABLY253H, the
BCR–ABLT315I alone emerges slowly and therefore is associated
with a drop in leukaemic burden to less than 1% (subject 15 and
22). Towards 12 months of 2nd TKI, BCR–ABLF317L levels drop,
while BCR–ABLT315I is still increasing in subjects 7, 11. A more
rapid replacement of existing clones is seen in cases 35 and 14:
a dominating BCR–ABLT315I clone is rapidly replaced by a novel
BCR–ABLE255K clone during nilotinib treatment, and a dominant
BCR–ABLF317L is replaced by BCR–ABLV299L under dasatinib
treatment. In these cases, competition between mutated clones
apparently has a key role in the dynamic selectivity patterns.
Consequently, as clonal interference obviously will not be
instrumental in cell viability assays performed using mouse
Ba/F3 cells in culture, clonal interference may be the origin of
the many of the dynamic features observed in the study.

The key biological findings of this study are first, the
observation of clonal competition in several subjects harbouring
multiple mutations, and second, the variance of time scales of
the apparent clonal competition. Understanding these pheno-
mena is essential for improving treatment outcome in patients

Figure 1 In vivo selectivity of dasatinib and nilotinib towards
mutated isoforms of BCR–ABL. BCR–ABL transcripts harbouring
resistance mutations were traced over a 4-log range of magnitude.
For each case, the absolute increase/decrease of single mutated clones
from baseline (value at first significant detection) were calculated for
dasatinib (a) or nilotinib treatment (b) and plotted as a function of time
after first detection. The mutations can be ranked according to the
increase, persistence or decrease patterns and classified into progres-
sing, persisting and regressing clones for each drug.

Table 1 Comparison of in vivo increase/decrease levels at 3
months of drug exposure (left column) versus in vitro IC50 reported in
the literature

In vivo qARMS
(3 months)

IC50
in vitro3

IC50
in vitro4

Dasatinib Nilotinib Dasatinib Nilotinib Dasatinib Nilotinib

G250E "1.59 1.02 2.25 3.69 4.45 4.56
Y253H "2.19 n.a. 1.62 34.61 n.a. n.a.
Y253F n.a. 0.18 1.75 9.61 1.58 3.23
E255K "1.09 0.94 7 15.38 5.61 6.69
E255V "0.05 2.15 13.75 33.08 3.44 10.31
V299L 2.60 n.a. 22.5 n.a. 8.65 1.34
T315I 0.35 0.88 4250 4153 75.03 39.41
F317L 1.57 "1.10 9.25 3.85 4.46 2.22
M351T "1.00 "0.92 1.25 1.15 0.88 0.44
F359V "2.94 0.60 2.75 13.46 1.49 5.16
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dasatinib treatment nilotinib treatment

F359V depleted F359V enriched

different drugs appear to exert distinct 
selective evolutionary pressures

Gruber et al. Leukemia 26:172, 2012.

Data suggests we should be able to predict how different mutants confer resistance/susceptibility

dasatinib nilotinib

CML patients failing out of imatinib therapy often different kinds of resistance 
depending on the choice of second-line therapy:



drug discovery and development is 
costly, time-consuming, and inefficient

NDA
new drug approval

Phase 2
efficacy

Phase 3
effectiveness

Phase 1
safety

PreclinicalDiscoveryTarget ID

DESIGN

TESTAN
AL

YZ
E

MAKE

Target  
Candidate 

Profile (TCP)

Human-driven 
design iterations

value*
stage cost*
% survival
duration*

* denotes mean 
sources: [1] [2] [3] [4] [5]

$24M
$3M
38%
2.3 y

$58M
$3M
25%
2.1 y

$321M
$8M
12%
3.1 y

$20M
7%

2.5 y

Global annual prescription drug market will reach $1.6T by 2026 [5]

$1.66B
$3M
6%

9 mo

$8M
$13.5M

48%
4.5 y

https://doi.org/10.1038/nrd3078
https://doi.org/10.1093/biostatistics/kxx069
http://doi.org/10.1001/jamainternmed.2017.3601
https://doi.org/10.1111/cts.12577
https://www.globenewswire.com/news-release/2020/05/05/2027286/0/en/Prescription-Drugs-Market-to-Exhibit-a-CAGR-of-8-9-by-2026-Development-of-Advanced-Prescription-Drugs-to-Augment-Growth-states-Fortune-Business-Insights.html


DRUG DISCOVERY USUALLY ENDS IN FAILURE

Nature Reviews | Drug Discovery

b  Rate of decline over 10-year periods
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c  Adjusting for 5-year delay in spending impact
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FDA tightens
regulation
post-thalidomide

First wave of
biotechnology-
derived therapies

FDA clears backlog
following PDUFA
regulations plus small
bolus of HIV drugs 

The magnitude and duration of Eroom’s 
Law also suggests that a lot of the things that 
have been proposed to address the R&D pro-
ductivity problem are likely, at best, to have a 
weak effect. Suppose that we found that it cost 
80 times more in real terms to extract a tonne 
of coal from the ground today than it did 
60 years ago, despite improvements in mining  
machinery and in the ability of geologists 
to find coal deposits. We might expect coal 
industry experts and executives to provide 

explanations along the following lines: “The 
opencast deposits have been exhausted and 
the industry is left with thin seams that are 
a long way below the ground in areas that 
are prone to flooding and collapse.” Given 
this analysis, people could probably agree 
that continued investment would be justified 
by the realistic prospect of either massive 
improvements in mining technology or large 
rises in fuel prices. If neither was likely, it 
would make financial sense to do less digging.

However, readers of much of what has 
been written about R&D productivity in 
the drug industry might be left with the 
impression that Eroom’s Law can simply be 
reversed by strategies such as greater man-
agement attention to factors such as project 
costs and speed of implementation26, by 
reorganizing R&D structures into smaller 
focused units in some cases27 or larger units 
with superior economies of scale in others28, 
by outsourcing to lower-cost countries26,  
by adjusting management metrics and 
introducing R&D ‘performance score-
cards’29, or by somehow making scientists 
more ‘entrepreneurial’30,31. In our view, these 
changes might help at the margins but it 
feels as though most are not addressing  
the core of the productivity problem.

There have been serious attempts to 
describe the countervailing forces or to 
understand which improvements have been 
real and which have been illusory. However, 
such publications have been relatively 
rare. They include: the FDA’s ‘Critical Path 
Initiative’23; a series of prescient papers by 
Horrobin32–34, arguing that bottom-up  
science has been a disappointing distraction;  
an article by Ruffolo35 focused mainly on 
regulatory and organizational barriers;  
a history of the rise and fall of medical inno-
vation in the twentieth century by Le Fanu36; 
an analysis of the organizational challenges 
in biotechnology innovation by Pisano37; 
critiques by Young38 and by Hopkins et al.39, 
of the view that high-affinity binding of a 
single target by a lead compound is the best 
place from which to start the R&D process; 
an analysis by Pammolli et al.19, looking at 
changes in the mix of projects in ‘easy’ versus 
‘difficult’ therapeutic areas; some broad-
ranging work by Munos24; as well as a  
handful of other publications.

There is also a problem of scope. If we 
compare the analyses from the FDA23, 
Garnier27, Horrobin32–34, Ruffolo35, Le Fanu36, 
Pisano37, Young38 and Pammolli et al.19, there 
is limited overlap. In many cases, the differ-
ent sources blame none of the same counter-
vailing forces. This suggests that a more 
integrated explanation is required.

Seeking such an explanation is important 
because Eroom’s Law — if it holds — has 
very unpleasant consequences. Indeed, 
financial markets already appear to believe 
in Eroom’s Law, or something similar to it, 
and the impact is being seen in cost-cutting 
measures implemented by major drug com-
panies. Drug stock prices indicate that inves-
tors expect the financial returns on current 
and future R&D investments to be below 
the cost of capital at an industry level40, and 

(KIWTG���^ Eroom’s Law in pharmaceutical R&D. a�̂ �6JG�PWODGT�QH�PGY�FTWIU�CRRTQXGF�D[�VJG�75�
(QQF�CPF�&TWI�#FOKPKUVTCVKQP�
(&#��RGT�DKNNKQP�75�FQNNCTU�
KPHNCVKQP�CFLWUVGF��URGPV�QP�TGUGCTEJ�
CPF�FGXGNQROGPV�
4�&��JCU�JCNXGF�TQWIJN[�GXGT[��|[GCTU��b�^�6JG�TCVG�QH�FGENKPG�KP�VJG�CRRTQXCN�QH�
PGY�FTWIU�RGT�DKNNKQP�75�FQNNCTU�URGPV�KU�HCKTN[�UKOKNCT�QXGT�FKHHGTGPV����[GCT�RGTKQFU��c�̂ �6JG�RCVVGTP�
KU�TQDWUV�VQ�FKHHGTGPV�CUUWORVKQPU�CDQWV�CXGTCIG�FGNC[�DGVYGGP�4�&�URGPFKPI�CPF�FTWI�CRRTQXCN��
(QT�FGVCKNU�QH�VJG�FCVC�CPF�VJG�OCKP�CUUWORVKQPU��UGG�5WRRNGOGPVCT[�KPHQTOCVKQP|5��
VCDNG��CPF�
REFS 24,86,87��0QVG�VJCV�4�&�EQUVU�CTG�DCUGF�QP�VJG�2JCTOCEGWVKECN�4GUGCTEJ�CPF�/CPWHCEVWTGTU�
QH�#OGTKEC�
2J4/#��#PPWCN�5WTXG[������(REF. 86)�CPF�REF. 87��2J4/#�KU�C�VTCFG�CUUQEKCVKQP�VJCV�
FQGU�PQV�KPENWFG�CNN�FTWI�CPF�DKQVGEJPQNQI[�EQORCPKGU��UQ�VJG�2J4/#�HKIWTG�WPFGTUVCVGU�4�&�
URGPFKPI�CV�CP�KPFWUVT[�NGXGN��6JG�VQVCN�KPFWUVT[�GZRGPFKVWTG�UKPEG������JCU�DGGP���s����JKIJGT�
VJCP�VJG�2J4/#�OGODGTUo�VQVCN�GZRGPFKVWTG��YJKEJ�HQTOGF�VJG�DCUKU�QH�VJKU�HKIWTG��6JG�PGY�FTWI�
EQWPV��JQYGXGT��KU�VJG�VQVCN�PWODGT�QH�PGY�OQNGEWNCT�GPVKVKGU�CPF�PGY�DKQNQIKEU�
CRRN[KPI�VJG�UCOG�
FGHKPKVKQP�CU�/WPQU����CRRTQXGF�D[�VJG�75�(&#�HTQO�CNN�UQWTEGU��PQV�LWUV�2J4/#�OGODGTU��9G�JCXG�
GUVKOCVGF�TGCN�VGTO�4�&�EQUV�KPHNCVKQP�HKIWTGU�HTQO�REFS 24,87��6JG�QXGTCNN�RKEVWTG�UGGOU�VQ�DG�HCKTN[�
TQDWUV�VQ�VJG�RTGEKUG�FGVCKNU�QH�EQUV�CPF�KPHNCVKQP�ECNEWNCVKQPU��2CPGN�a�KU�DCUGF�QP�C�HKIWTG�VJCV�QTKIK�
PCNN[�CRRGCTGF�KP�C�$GTPUVGKP�4GUGCTEJ�TGRQTV�
6JG�.QPI�8KGY�t�4�&�RTQFWEVKXKV[����|5GR��������
�#FLWUVGF�HQT�KPHNCVKQP��2&7(#��2TGUETKRVKQP�&TWI�7UGT�(GG�#EV��

PERSPECT IVES

192 | MARCH 2012 | VOLUME 11  www.nature.com/reviews/drugdisc
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EROOM’S LAW

now: $2.6/drug*

Drugs are ge!ing more expensive to develop due to low success rates (~2%)

https://www.nature.com/articles/nrd3681  * https://www.nature.com/articles/nrd4507 

https://www.nature.com/articles/nrd3681
https://www.nature.com/articles/nrd4507
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have been proposed to address the R&D pro-
ductivity problem are likely, at best, to have a 
weak effect. Suppose that we found that it cost 
80 times more in real terms to extract a tonne 
of coal from the ground today than it did 
60 years ago, despite improvements in mining  
machinery and in the ability of geologists 
to find coal deposits. We might expect coal 
industry experts and executives to provide 

explanations along the following lines: “The 
opencast deposits have been exhausted and 
the industry is left with thin seams that are 
a long way below the ground in areas that 
are prone to flooding and collapse.” Given 
this analysis, people could probably agree 
that continued investment would be justified 
by the realistic prospect of either massive 
improvements in mining technology or large 
rises in fuel prices. If neither was likely, it 
would make financial sense to do less digging.

However, readers of much of what has 
been written about R&D productivity in 
the drug industry might be left with the 
impression that Eroom’s Law can simply be 
reversed by strategies such as greater man-
agement attention to factors such as project 
costs and speed of implementation26, by 
reorganizing R&D structures into smaller 
focused units in some cases27 or larger units 
with superior economies of scale in others28, 
by outsourcing to lower-cost countries26,  
by adjusting management metrics and 
introducing R&D ‘performance score-
cards’29, or by somehow making scientists 
more ‘entrepreneurial’30,31. In our view, these 
changes might help at the margins but it 
feels as though most are not addressing  
the core of the productivity problem.

There have been serious attempts to 
describe the countervailing forces or to 
understand which improvements have been 
real and which have been illusory. However, 
such publications have been relatively 
rare. They include: the FDA’s ‘Critical Path 
Initiative’23; a series of prescient papers by 
Horrobin32–34, arguing that bottom-up  
science has been a disappointing distraction;  
an article by Ruffolo35 focused mainly on 
regulatory and organizational barriers;  
a history of the rise and fall of medical inno-
vation in the twentieth century by Le Fanu36; 
an analysis of the organizational challenges 
in biotechnology innovation by Pisano37; 
critiques by Young38 and by Hopkins et al.39, 
of the view that high-affinity binding of a 
single target by a lead compound is the best 
place from which to start the R&D process; 
an analysis by Pammolli et al.19, looking at 
changes in the mix of projects in ‘easy’ versus 
‘difficult’ therapeutic areas; some broad-
ranging work by Munos24; as well as a  
handful of other publications.

There is also a problem of scope. If we 
compare the analyses from the FDA23, 
Garnier27, Horrobin32–34, Ruffolo35, Le Fanu36, 
Pisano37, Young38 and Pammolli et al.19, there 
is limited overlap. In many cases, the differ-
ent sources blame none of the same counter-
vailing forces. This suggests that a more 
integrated explanation is required.

Seeking such an explanation is important 
because Eroom’s Law — if it holds — has 
very unpleasant consequences. Indeed, 
financial markets already appear to believe 
in Eroom’s Law, or something similar to it, 
and the impact is being seen in cost-cutting 
measures implemented by major drug com-
panies. Drug stock prices indicate that inves-
tors expect the financial returns on current 
and future R&D investments to be below 
the cost of capital at an industry level40, and 
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103 - 106 parts

< 102 atoms

Why not small molecule drugs?

Drug discovery is a complex  
multi-objective DESIGN PROBLEM



Target Candidate Profile (TCP) for oral SARS-CoV-2 main viral protease (Mpro) inhibitor
Property Target range Rationale
protease assay IC50 < 10 nM Extrapolation from other anti-viral programs
viral replication assay EC50 < 5 µM Suppression of virus at achievable blood levels
plaque reduction assay EC50 < 5 µM Suppression of virus at achievable blood levels
route of administration oral bid/tid - compromise PK for potency if pharmacodynamic effect achieved
solubility
 > 5 mg/mL
 Aim for biopharmaceutical class 1 assuming <= 750 mg dose

half-life > 8 h (human) est from rat and dog Assume PK/PD requires continuous cover over plaque inhibition for 24 h max bid dosing

safety

Only reversible and monitorable toxicities 
No significant DDI - clean in 5 CYP450 isoforms 
hERG and NaV1.5 IC50 > 50 µM 
No significant change in QTc 
Ames negative 
No mutagenicity or teratogenicity risk

No significant toxicological delays to development

DDI aims to deal with co-morbidities / therapies, 
cardiac safety for COVID-19 risk profile 
cardiac safety for COVID-19 risk profile 
Low carcinogenicity risk reduces delays in manufacturing 
Patient group will include significant proportion of women of childbearing age

https://doi.org/10.1101/2020.10.29.339317  
h!ps://covid.postera.ai/covid 

Drug discovery is a complex  
multi-objective DESIGN PROBLEM

https://doi.org/10.1101/2020.10.29.339317
https://covid.postera.ai/covid
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Drug discovery is a complex multi-objective 
DESIGN PROBLEM



To meet these objectives, Typical discovery 
projects group assays into sequential tiers

Does it inhibit the target? How does it bind?
Does it bind the target in cells?
Does it have a chance of working in humans?

Does it actually work in cells?

Could it cause bad side effects?

Can oral dosing deliver sufficient drug? 
Does it actually work against the disease?

assay purpose

$

$$

$$$

$$$$



PRIMARY ENZYME, TIER 
1 IN VITRO ADMET

ANTI-VIRAL 
POTENCY & 
RESISTANCE 

(SCREENING)

ANALYZE

SYNTHESIS

 PRIMARY IN VIVO 
ADMET

TIER 2 IN VITRO  
ADMET

TIER 2 IN VITRO  
ADMET

Anti-viral 
Cellular  

(profiling)

Anti-viral 
Animal  

(profiling)
TIER 3 IN VITRO  

ADMET
 SECONDARY IN 

VIVO ADMET

DOSE TO HUMAN 
PREDICTION

20% (~ 500 compounds)

6% of total (120 compounds)

10  compounds

45 compounds

75%

In vivo tool compounds 

DESIGN

DESIGN-MAKE-TEST-
ANALYZE  

CYCLE

Drug discovery progresses through many  
design-make-test-analyze cycles

DESIGN
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The chodera lab aims to develop PREDICTIVE models 
WITH real impacT ON human health

Develop predictive models useful for guiding drug discovery

Impact both drug discovery and clinical applications

Make predictions that enable statistically sound decisionmaking



computation EXPERIMENT

V (q) =
∑

bonds
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+
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∑
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−

Bij
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]

chodera lab, Z17

CLOUD LABORATORIES

CHODERA LAB

informs model improvement



WE collaborate broadly to IMPACT drug discovery

choderalab 
(algorithms and open source software)

Diamond Light Source / XChem

open source software  
development initiatives

data generators, 
community challenges,  

and resources

industry 
collaborations

Folding@home

academia

open science / open source softwareIP-generating collaborations



We also found new companies 
to deploy our technologies to 
maximize impact

Interline Therapeutics 
Licensed technologies from MSK 
Launched in May 2021 
With $92M Series A 

aims to use our technologies to 
design selective modulators of 
protein communities 

JDC is a Founding SAB member 
MSKCC has equity in Interline



Drug discovery is not a big data problem

DALL-E 2 was trained on a dataset of 650 million images  

GPT-3 was trained on a corpus of 22.5 billion pages of text (45 TB)  

Typical drug discovery programs make and test ~2000 compounds 
and largest opportunity for impact is early on in the programvs

We need methods that can extrapolate from little or no data



Structural data is now an abundant resource 
for drug discovery

10
0,

0
0

0
 n

ew
 st

ru
ct
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es

last decadeh!p://www.rcsb.org/stats

PDB statistics
$18B investment



Alphafold-like methods have dramatically 
extended the reach of structural models

AlphaFold2: h!ps://www.nature.com/articles/s41586-021-03819-2  
OpenFold: h!ps://github.com/aqlaboratory/openfold  
Structural coverage: h!ps://journals.plos.org/ploscompbiol/article?id=10.1371/journal.pcbi.1009818 

*Used our OpenMM molecular modeling framework! 
h!p://openmm.org/  ·  over 1.2 million downloads

*

https://www.nature.com/articles/s41586-021-03819-2
https://github.com/aqlaboratory/openfold
https://journals.plos.org/ploscompbiol/article?id=10.1371/journal.pcbi.1009818
http://openmm.org/


Structural data enables Physical models to provide 
a data efficient way to generalize from sparse data

Shan, Kim, Eastwood, Dror, Seeliger, Shaw. JACS 133:9181, 2011 
Durrant, McCammon. Molecular dynamics simulations and drug discovery. BMC Biology, 2011

typical class I molecular mechanics force field

protein target 
small molecule(s) 
cofactors 
ions 
waters



We developed alchemical free energy calculations into a useful 
technology to exploit structural data to predict affinities

∆Gbind

PLP + L

PøP + ø
restraint imposition discharging steric decoupling noninteracting

Includes all contributions from enthalpy and entropy of binding to a flexible receptor

simulations of alchemical intermediates with a!enuated interactions

JDC contributions to theory and algorithms: J Chem Phys 125:084902, 2006; J Chem Theor Comput 3:1231, 2007; J Phys CHem B 111:2242, 2007; J Phys Chem B 111:13052, 2007; J Chem 
Phys 126:155101, 2007; J Chem Phys 129:124105, 2008; J Med Chem 51:769, 2008; J Chem Phys 134:174105, 2011; PNAS 108:E1009, 2011; J Computer Aided Molecular Design 27:989, 2013; 
J Phys Chem B 119:12912, 2015; J Phys Chem B 122:5579, 2018; J Phys Chem B 122:5466, 2018; Entropy 20:318, 2018; Living Journal of Computational Molecular Sciences 2:1, 2020
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We can predict small molecule affinities within a lead 
series to useful accuracy

free energy calculations with h!p://github.com/choderalab/perses 
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http://github.com/choderalab/perses
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How often can this help us make 
the right decision about which 
molecules to synthesize?

We can predict small molecule affinities within a lead 
series to useful accuracy

free energy calculations with h!p://github.com/choderalab/perses 

http://github.com/choderalab/perses


How can we design  
SPECIFICALLY targeted 
cancer drugs?

how can we predict  
drug resistance  
and susceptibility? 

we previously showed we can use free energy calculations to 
address major questions in cancer drug discovery and therapy

CHANGES OF A FEW ATOMS

inhibitor modification 
for drug design

tumor-specific mutation 
for therapeutic biomarkers

▲ Albanese, Chodera, Volkamer, Keng, Abel, Wang. 
J Chem Inf Model 60:6211, 2020 
h!ps://doi.org/10.1021/acs.jcim.0c00815 

▲ Hauser, Negron, Albanese, Ray, Steinbrecher, Abel, Chodera, Wang.  
Communications Biology 1:70, 2018 
h!ps://doi.org/10.1038/s42003-018-0075-x  

https://doi.org/10.1021/acs.jcim.0c00815
https://doi.org/10.1038/s42003-018-0075-x


partition coefficients  
and permeabilities 

structure-enabled ADME/Tox targets 
hERG CYP3A4

driving potency       driving selectivity 
predicting drug  

resistance/sensitivity optimizing thermostability crystal polymorphs, 
solubility

bacterial porin 
permeation 

alchemical free energy calculations CAN 
BE USED TO compute many drug properties

Target  
Candidate 

Profile (TCP)



How well do these methods work 
In a real drug discovery program?



Jan 27, 2020
(4 days after 

SARS-CoV-2 genome
 was published)

doi:10.3389/fcimb.2021.697876

IVY 
ZHANG 

CBM student

Will antibodies still bind against escape mutants? 
How can we optimize antibodies to ensure broad specificity against mutations?



What could we do to AID the  
Global covid-19 response effort?



We had also been collaborating with 
diamond light source in the uk

Diamond Light Source, UK







Diamond light source prosecuted a high-
throughput x-ray fragment screen in just weeks

Atomic resolution  
structure of the 

protease determined 

February 20

1,500 crystals  
collected in one day (!)

March 5

78 fragment-bound 
structures solved  

and released to the web

March 18

Main protease  
cloned and produced 

at Diamond after  
COVID shutdown of  

Haitao Yang lab in Shanghai

February 14

Martin Walsh

Covalent screen finds 150 
active site hits 

>40 hits validated

February 25

Nir London

https://www.diamond.ac.uk/covid-19/for-scientists/Main-protease-structure-and-XChem.html 
Frank von Delft 

Diamond Light Source / XChem / SGC

https://www.diamond.ac.uk/covid-19/for-scientists/Main-protease-structure-and-XChem.html


All data was immediately released online

https://www.diamond.ac.uk/covid-19/for-scientists/Main-
protease-structure-and-XChem.html 

https://fragalysis.diamond.ac.uk 

(pre-preprinting!)

https://www.diamond.ac.uk/covid-19/for-scientists/Main-protease-structure-and-XChem.html
https://www.diamond.ac.uk/covid-19/for-scientists/Main-protease-structure-and-XChem.html
https://fragalysis.diamond.ac.uk/


We know from sars-cov that the main viral 
protease (mpro) is essential for viral replication

de Wit et al. Nat. Rev. Microbiology (2016)

3CLPro 

or Mpro



Previously known sars-cov mpro inhibitors were peptidomimetics, 
which are difficult to develop into oral drugs

Known Mpro inhibitors were also covalent inhibitors, 
which can be difficult to optimize to prevent off-target issues* 

Could X-ray fragment hits be a route to an oral SARS-CoV-2 antiviral?

Liu et al. Eur J Med Chem 206:112711, 2020

sidechain-like moieties



Fragment hits completely cover the active site, 
suggest fragment merges could improve potency

Douangamath et al., Nature Communications 11:5047, 2020 
https://www.nature.com/articles/s41467-020-18709-w

interactive view: https://fragalysis.diamond.ac.uk/viewer/react/preview/target/Mpro 

https://www.nature.com/articles/s41467-020-18709-w
https://fragalysis.diamond.ac.uk/viewer/react/preview/target/Mpro


Fragment hits completely cover the active site, 
suggest fragment merges could improve potency

Could we merge our way to potent 
lead compounds directly?

Douangamath et al., Nature Communications 11:5047, 2020 
https://www.nature.com/articles/s41467-020-18709-w

interactive view: https://fragalysis.diamond.ac.uk/viewer/react/preview/target/Mpro 

SARS-CoV-2 Mpro active site

S1

S2

S1’

S4

Cys145

https://www.nature.com/articles/s41467-020-18709-w
https://fragalysis.diamond.ac.uk/viewer/react/preview/target/Mpro


Which computational strategies would most rapidly progress 
fragments to early leads with measurable potency?

“…what if we tried all of them?”

Nir London 
Weizmann Institute



First, we needed a cool name to motivate people



The covid moonshot adopted a global open science, 
patent-free, collaborative approach to drug discovery

Open data

Open science

Patent-free

http://postera.ai/covid 

http://postera.ai/covid


Alpha Lee (Cambridge) tapped his startup company (PostEra) 
to create an open drug discovery commons website

Alpha Lee 
Cambridge/PostEra

http://postera.ai/covid 

Molecule sketcher! 
2D compound design viewer! 
Discussion boards!

+ Matthew Robinson (PostEra)

http://postera.ai/covid




…and there was overwhelming response

• > 7,000 Designs 

• > 350 Designers



THERE WERE SOME EXCELLENT IDEAS



THERE WERE SOME … INTERESTING … IDEAS TOO



THERE WERE SOME … INTERESTING … IDEAS TOO



THERE WERE SOME … INTERESTING … IDEAS TOO



THERE WERE SOME … INTERESTING … IDEAS TOO



We used fast physical models to weed out bad ideas

code and docking results: https://github.com/FoldingAtHome/covid-moonshot/tree/master/moonshot-submissions 

all final docked ligand structures

Pat Walters blog: http://practicalcheminformatics.blogspot.com

docking of a single compound, showing all possible conformers

https://github.com/FoldingAtHome/covid-moonshot/tree/master/moonshot-submissions


Machine learning based synthetic route prediction models 
identified designs that could be easily synthesized

http://postera.ai/covid

• Enamine 
• WuXi 
• Sai

Schwaller et al. ACS Central Science 5:9, 2019

https://pubs.acs.org/doi/10.1021/acscentsci.9b00576 

Contract Research 
Organizations (CROs)

Molecular Transformer:  
http://postera.ai/manifold 

CRO catalogue-aware optimal synthetic route

Quickly made 850 
compounds 

in a few weeks!

http://postera.ai/covid
https://pubs.acs.org/doi/10.1021/acscentsci.9b00576
http://postera.ai/manifold


Data was immediately reported back to the community

http://postera.ai/covid

http://postera.ai/covid


Diamond’s automated beam line enabled us to generate 
structural data in just days

https://fragalysis.diamond.ac.uk/viewer/react/preview/target/Mpro 

https://fragalysis.diamond.ac.uk/viewer/react/preview/target/Mpro


Crowdsourced designs generated a number of novel 
chemical series by fragment merging



Crowdsourcing generated multiple leads with  
Novel noncovalent chemotypes



design-make-test-analyze cycles share a common operation:

1. Select a current lead molecule

2. Select a retrosynthetic pathway capable of installing Enamine building blocks to replace part of the molecule

3. Chemists conservatively select  analogues from the (often very) large enumerated synthetic space



could we use free energy calculations to assess these 
designs and find ideas the chemists had overlooked?

~15,000 
Potential 
R3 groups



Retrospective calculations suggested our tools did a reasonably good 
job of predicting which compounds were more potent

perses: open source relative alchemical free energy calculations  
http://github.com/choderalab/perses 


Open Force Field Initiative OpenFF (“Parsley”) small molecule force field 
http://openforcefield.org

Simple star maps 

WILLIAM 
GLASS 
postdoc

HANNAH 
BRUCE 

MACDONALD 
postdoc

DOMINIC 
RUFA 

TPCB student

http://github.com/choderalab/perses
http://openforcefield.org


Ok, but where do we get enough gpus? 
Our virtual libraries are > 15,000 compounds!



Our lab had had started to use folding@home to aid experimental 
collaborators pursuing covid-19 drug discovery programs

~100 pflop/s!



we mobilized the folding@home 
consortium to focus on covid-19

* probing mutations at the RBD:ACE2 
interface  to optimize Ab therapeutics 

* free energy calculations for prioritizing 
compounds tested by experimental 
collaborators 

* identifying cryptic pockets for potential 
allosteric inhibition mechanisms 

* Simulating multiple targets to understand 
their potential for drug discovery



As people from around the world started running folding@home,  
we quickly created the world’s first exascale computing resource 

Ariana Brenner (CBM) 

Rafal Wiewiora (TPCB) 

Ivy Zhang (CBM)

https://doi.org/10.1101/2020.06.27.175430



This was an enormous increase in computational power



This was an enormous increase in computational power

~1.5 exaflops 
> sum of top-10 supercomputers
This would cost $6.8B/year on AWS.



Both computing and science contributors were truly global



IVY 
ZHANG 

CBM student

WILLIAM 
GLASS 
postdoc



Ok, we have computing resources now… 

…but we had never run free energy 
calculations on folding@home



alchemical free energy calculations generally use clever but complex 
Markov chain monte carlo algorithms to sample alchemical states

Independent simulations
Easy to parallelize, but sampling problems 
at any ! can make calculations unreliable 
simple but too dangerous to use

Hamiltonian replica exchange ★
Good sampling at any ! can rescue 
problems at other ! if good ! overlap 
reliable but complex for Folding@home

Single-replica methods
For certainly problems, can converge 
extremely quickly in a fraction of 
computer effort; tricky to make reliable 
immature and tricky to implement







We know how to optimize nonequilibrium protocols!
gij(�) ⌘

⌧
⇤ ln⇥(x;�)

⇤�i

⇤ ln⇥(x;�)

⇤�j
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�

var(�f̂) � N�1L(�a,�b)
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Technical Report: Optimal estimation of thermodynamic length from equilibrium and
nonequilibrium measurements

John D. Chodera1, ⇥

1Research Fellow, California Institute of Quantitative Biosciences (QB3),
University of California, Berkeley, 260J Stanley Hall, Berkeley, California 94720, USA

(Dated: July 24, 2010)

We consider the problem of estimating the thermodynamic length of a path in some space of ther-
modynamic or control parameters from a number of equilibrium simulations or experimental mea-
surements. An asymptotically efficient, differentiable estimate of the metric tensor used in measuring
the thermodynamic length and thermodynamic divergence based on the multistate Bennett accep-
tance ratio estimator is presented. Application to the special cases of passive single-molecule pulling
experiments using single and double optical traps is presented.

Recently, there has been a resurgence interest in the
concept of thermodynamic length [? ] due to the observa-
tion that pathways of minimal thermodynamic length
are “good” pathways for estimating free energies of
thermodynamic transformations with minimal statisti-
cal error [? ].

I. PRELIMINARIES

Consider a system at equilibrium, where the proba-
bility of observing an instantaneous configuration x is
given by

⌅(x;�) = Z�1(�) q(x;�) (1)

where q(x;�) > 0 on x ⇤ � is an unnormalized proba-
bility density function, and Z(�) is a normalization con-
stant often termed the partition function, given by

Z(�) =

⌥

�
dx q(x;�) (2)

For systems obeying Boltzmann statistics, the unnor-
malized density q(x;�) is given by

q(x;�) = exp[�u(x;�)] (3)

where u(x;�) is termed the reduced potential, and � is a
vector of one or more thermodynamic or control param-
eters that define the thermodynamic state of the system.
For example, following the notation of [1], we could
define � for a physical system in a common thermo-
dynamic ensemble (e.g. NVT, NPT, µVT, etc.), as some
(sub)set of thermodynamic parameters � ⇥ {�,↵, p,µ}
such that

u(x;�) = �[H(x;↵) + pV (x) + µTn(x)] (4)

Here, x denotes the instantaneous configuration of the
system, with system volume V (x) (in the case of a
constant pressure ensemble) and n(x) the number of

⇤Electronic Address: jchodera@berkeley.edu

molecules of each component of a multi-component sys-
tem (in the case of a (semi)grand ensemble). For each
state t, �i denotes the inverse temperature, Hi(x) the
Hamiltonian (which may include an external biasing po-
tential), pi the external pressure, and µi the vector of
chemical potentials of the system components counted
by n(x). Other thermodynamic parameters and their
conjugate variables can be included in a similar manner.

II. THERMODYNAMIC LENGTH

The Fisher information matrix for a fixed value of � is
given by

Iij(�) =

⌥

�
dx⌅(x;�)

 ln⌅(x;�)

 ⇥i

 ln⌅(x;�)

 ⇥j
(5)
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Then, given the thermodynamic metric tensor gij(�),
which is identical to the Fisher information matrix [? ],

gij(�) ⇥ Iij(�) (8)

the thermodynamic length corresponds to the integral
along a parameterized path �(t), t ⇤ [0, ⇧ ]

L ⇥
⌥ �

0
dt

�
�̇
T
g �̇

⇥1/2
(9)

where the notation �̇ denotes differentiation of the para-
metric path �(t) with respect to t. The length between
�(0) and �(1) will be independent of the parmeteriza-
tion of the path �(t) — L depends only on the endpoints.

A related quantity is the thermodynamic divergence

J = ⇧

⌥ �

0
dt �̇

T
g �̇ (10)

In the special case that � is entirely specified in terms
of thermodynamic parameters with associated conju-
gate variables, as in u(x;�) = u0(x) + �Tv(x), then the

Crooks, PRL 99:100602, 2007; Shenfeld et al. PRE 80:046705, 2009; Sivak and Crooks PRL 108:190602, 2012. 
Nilmeier, Crooks, Minh, Chodera PNAS 1008:E1009, 2011

The thermodynamic metric tensor measures how rapidly the 
equilibrium distribution changes as control parameters are twiddled.

The thermodynamic length measures how much the distribution 
has changes from one value of control parameters to another. 
(Can also integrate effects of correlation time)

Optimal protocols are geodesics in thermodynamic metric space; 
they equalize thermodynamic length between measurements.

The efficiency of a transformation is related to how much effort is 
needed to achieve a given target variance ε. For the same amount of 
computer effort, we can estimate it via a ratio of variances:
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optimized paths can yield  
orders of magnitude 
reduction in variance!



Nonequilibrium cycling can easily be run in parallel 
distributed computing environments

Nonequilibrium cycling
Can approximate nonequilibrium 
switching if relaxation is fast  
(or restraints are used to limit motion) 
a terrible hack, but it just might work

1 ns

1 ns

1 ns

1 ns

- - - - - - - - - - - 4 ns cycles - - - - - - - - - - - 

ΔΔG = −1.6 ± 0.1 kcal/mol

nonequilibrium switching time

w
or

k 
/ k

T

Crooks fluctuation theorem

(from Benne! acceptance ratio)



We generated a lot of data, which we have shared online via AWS

https://registry.opendata.aws/foldingathome-covid19/ 

https://covid.molssi.org//org-contributions/#folding--home 

https://registry.opendata.aws/foldingathome-covid19/
https://covid.molssi.org//org-contributions/#folding--home


even large transformations were successful 
in identifying more potent compounds

COVID Moonshot: [Moonshot] [Fragalysis] [Dashboard]

Can we engage S4 from this 5,000-compound virtual synthetic library varying R3?

top compounds from free energy calculations

parent compound

Top free energy calculation compounds and experimental affinity measurements:

http://postera.ai/covid
https://fragalysis.diamond.ac.uk/viewer/react/projects/765/559
https://fah-public-data-covid19-moonshot-sprints.s3.us-east-2.amazonaws.com/dashboards/sprint-5-dimer/sprint-5-dimer-x11498-dimer-neutral/index.html


Most virtual library compounds were bad

better worse

WILLIAM 
GLASS 
postdoc

HANNAH 
BRUCE 

MACDONALD 
postdoc

DOMINIC 
RUFA 

TPCB student



Human chemists nominate better compounds,  
but are limited in the number of designs they can evaluate

WILLIAM 
GLASS 
postdoc

HANNAH 
BRUCE 

MACDONALD 
postdoc

DOMINIC 
RUFA 

TPCB student

humans
computer



We set up a dashboard to provide a real-time leaderboard

[dashboard] 

DAVID 
DOTSON 
software 
scientist

MA# 
WI#MANN 

software 
scientist

https://fah-public-data-covid19-moonshot-sprints.s3.us-east-2.amazonaws.com/dashboards/sprint-5-dimer/sprint-5-dimer-x11498-dimer-neutral/index.html


The dashboard let chemists easily inspect the results



Potent human chemist designs sometimes 
unexpectedly float to the top

dashboard: https://tinyurl.com/fah-sprint-5-dimer 

Fragalysis viewer: https://fragalysis.diamond.ac.uk/viewer/react/preview/target/Mpro 

https://tinyurl.com/fah-sprint-5-dimer
https://fragalysis.diamond.ac.uk/viewer/react/preview/target/Mpro


dashboard: https://tinyurl.com/fah-sprint-5-dimer 

Fragalysis viewer: https://fragalysis.diamond.ac.uk/viewer/react/preview/target/Mpro 

https://fragalysis.diamond.ac.uk/viewer/react/projects/1264/924 

it was surprising how well poses could be predicted

https://tinyurl.com/fah-sprint-5-dimer
https://fragalysis.diamond.ac.uk/viewer/react/preview/target/Mpro
https://fragalysis.diamond.ac.uk/viewer/react/projects/1264/924


rapid cycles of prediction and postmortem generates 
actionable insights at an incredible pace

Well-predicted transformations

All modifications of P1 substituent pKa => His163 is accepting H-bond, not donating!



successive rounds of medicinal chemistry produced 
potent mpro inhibitors with antiviral activity

P1

P2

crowdsourced
merged fragment hit



active-site residue conservation
of pathogenic coronaviruses

residue conservation
mapped onto Mpro structure

Our inhibitors are small, noncovalent,  
and engage highly conserved residues



human dose projections of 100-350 mg t.i.d.

We’re actively pursuing multiple backups 
in an accelerated preclinical program

the first compound to meet our medicinal chemistry target 
product profile has achievable human dose predictions

https://doi.org/10.1101/2020.10.29.339317 

Over 180 contributors/authors:
https://tinyurl.com/covid-moonshot-authors 

https://doi.org/10.1101/2020.10.29.339317
https://tinyurl.com/covid-moonshot-authors


DATA REPORTED ONLINE AND IN PREPRINT:

> 20,000 UNIQUE DESIGNS
> 2,220 COMPOUNDS MADE AND TESTED 
> 850 X-RAY STRUCTURES
> 400 POTENT COMPOUNDS



Shionogi recently reported the discovery of ensitrelvir, 
discovered with the help of moonshot data

Discovery of S-217622, a Noncovalent Oral SARS-CoV-2 3CL Protease Inhibitor Clinical Candidate for Treating COVID-19
J. Med. Chem. 2022, 65, 9, 6499–6512 
https://doi.org/10.1021/acs.jmedchem.2c00117 

COVID Moonshot molecules and X-ray structures informed pharmacophore 
model used to identify compound in internal collection for pain program 

Shionogi rapidly developed into potent antiviral with extraordinary PK  
(1 pill/day; compare with 6 pills/day for Paxlovid with significant DDI risk) 

Sep 29: Announced that Phase 2/3 primary endpoint was achieved

Shinogi Ensitrelvir (S-217622)
COVID Moonshot TRY-UNI-714a760b-6 
(early lead rapidly compound disclosed online)

https://doi.org/10.1021/acs.jmedchem.2c00117
https://covid.postera.ai/covid/submissions/714a760b-0e02-4b09-8736-f27f854f8c22/6


https://dndi.org/press-releases/2021/covid-moonshot-funded-by-wellcome-to-rapidly-develop-safe-globally-accessible-affordable-antiviral-pill/ 

https://dndi.org/press-releases/2021/covid-moonshot-funded-by-wellcome-to-rapidly-develop-safe-globally-accessible-affordable-antiviral-pill/


The COVID MOONSHOT went from fragment screen to 
preclinical phase in just 18 months, spending less than $1M

A white-knuckle ride of open COVID drug discovery 
https://www.nature.com/articles/d41586-021-01571-1  

Open Science Discovery of Oral Non-Covalent SARS-CoV-2 Main Protease Inhibitor Therapeutics 
SARS-CoV-2 Mpro antiviral preclinical candidate in a structure-based drug discovery program. 
https://doi.org/10.1101/2020.10.29.339317  

https://www.nature.com/articles/d41586-021-01571-1
https://doi.org/10.1101/2020.10.29.339317


we’re aiming to bring an antiviral straight 
to generics manufacture without a patent

We have a path to go “straight to generics” (potentially entirely free of patents)  
to enable true, low-cost global access to meet the needs of underserved LMICs



The only reason we didn’t have antivirals for  
sars-cov-2 was due to market failure



The only reason we didn’t have antivirals for  
sars-cov-2 was due to market failure

Our compounds are equipotent against SARS-CoV-1.

There’s no reason we couldn’t have done this in 2004 after the 2003 SARS pandemic.



global, equitable access is a enormous problem
TRIPS patent waiver requests from India and 100 low-
income countries to expand vaccine production have been 
pending since October 2020, and nothing has happened

Meanwhile….

https://www.healthaffairs.org/do/10.1377/hblog20210712.248782/full/

https://www.forbes.com/sites/aayushipratap/2021/07/28/pfizer-expects-335-billion-in-vaccine-revenue-in-2021/?sh=f49a83c217d4


https://www.nytimes.com/2021/11/09/us/moderna-vaccine-patent.html

https://www.nytimes.com/2021/10/09/business/moderna-covid-vaccine.html 


https://www.healthaffairs.org/do/10.1377/hblog20210712.248782/full/
https://www.nytimes.com/2021/11/09/us/moderna-vaccine-patent.html
https://www.nytimes.com/2021/10/09/business/moderna-covid-vaccine.html


This problem will not go away.  
Climate change is creating the “pandemicene”

https://www.nature.com/articles/s41586-022-04788-w  
https://www.nature.com/articles/d41586-022-01474-9 

https://www.nature.com/articles/s41586-022-04788-w
https://www.nature.com/articles/d41586-022-01474-9


By 2050, antimicrobial resistance will 
kill 10 million people each year

https://amr-review.org/Publications.html 

Projected deaths

https://amr-review.org/Publications.html


https://knowablemagazine.org/article/health-disease/2021/why-we-are-developing-patentfree-covid-antiviral-therapy 

https://knowablemagazine.org/article/health-disease/2021/why-we-are-developing-patentfree-covid-antiviral-therapy


How can we prevent future pandemics?

1. Run fast. Develop a technology platform for accelerated discovery of oral antivirals that can rapidly 
progress fragments to preclinical candidates leveraging machine learning and physical modeling 

2. Start close to the finish line. Repeatedly exercise this platform to develop an arsenal of low-cost clinic-
ready drug candidates against viruses of pandemic concern

What’s the best way to win a race?



How can we prevent future pandemics?

1. Run fast. Develop a technology platform for accelerated discovery of oral antivirals that can rapidly 
progress fragments to preclinical candidates leveraging machine learning and physical modeling 

2. Start close to the finish line. Repeatedly exercise this platform to develop an arsenal of low-cost clinic-
ready drug candidates against viruses of pandemic concern

https://www.nytimes.com/2021/06/17/health/covid-pill-antiviral.html

What’s the best way to win a race?



18 May 2022
First $68M award for initial 3 years



We AIM TO test autonomous discovery methods in the 
ai-driven structure-enabled antiviral platform (ASAP)

P1: Karla Kirkegaard (Stanford)
Matt Bogyo (Stanford)

Jesse Bloom (Fred Hutch)

P2: Frank von Delft (Diamond Light Source)
Martin Walsh (Diamond Light Source)

Oxford CMD SRF [service facility]

P4: Nir London (Weizmann)
Matt Bogyo (Stanford)

P3: Alpha Lee (PostEra)
John Chodera (MSKCC)

Frank von Delft (Diamond)
Ed Griffen (Medchemica)
Nir London (Weizmann)

Karla Kirkegaard (Stanford)
Martin Walsh (Diamond)

P5: Ed Griffen (Medchemica)
Ben Perry (DNDi)

Alpha Lee (PostEra)
John Chodera (MSKCC)

P6: Ben Perry (DNDi)
Laurent Fraisse (DNDi)

Annette von Delft (Medchemica)

coronaviruses

flaviviruses

picornaviruses

Warm start targets:
nsp13  nsp14 nsp16 2Apro ns2b/3

resistance-robust
targets

Antiviral targeting 
to suppress drug 

resistance

Preclinical 
development and 

translation
Target 

enablement

Fragment-to-lead 
and target 
validation

Covalent targeting 
strategies

Lead 
optimization

P R O J E C T  1 P R O J E C T  2 P R O J E C T  3 P R O J E C T  5 P R O J E C T  6

P R O J E C T  4

MproPLpro nsp3-Mac1 N-protein

9 early lead packages with
broad antiviral activity

(data disclosed in real time)

6 lead optimization
campaigns

(data disclosed in real time)

3 INDs
with public preclinical data

packages

D D D DA AA BSS ABSD

ADMINISTRATIVE
CORE

DATA INFRASTRUCTURE 
CORE

STRUCTURAL BIOLOGY
CORE

BIOCHEMICAL ASSAY
CORE

ANTIVIRAL EFFICACY AND 
RESISTANCE CORE

John Chodera (MSKCC)
Ben Perry (DNDi)

Alpha Lee (PostEra)
Administrative Director

Project Coordinator

Alpha Lee (PostEra)
Matthew Robinson (PostEra)

Frank von Delft (Diamond)
John Chodera (MSKCC)

Frank von Delft (Diamond Light Source)
Daren Fearon (Diamond Light Source)
Martin Walsh (Diamond Light Source)

Nir London (Weizmann)
Haim Barr (Weizmann)

Kris White (Mount Sinai)
Adolfo García-Sastre (Mount Sinai)

Randy Albrecht (Mount Sinai)
Johan Neyts (Leuven) [service facility]

ABSDSUPPORTING LETTERS

OPEN SCIENCE 
OUTPUT BY 

YEAR 5:

John Chodera (MSKCC)
Ben Perry (DNDi)

Alpha Lee (PostEra) PIs

10 target-enabling 
packages (TEPs)

(data disclosed in real time)

h!p://asapdiscovery.org 

Open science drug discovery for global equitable and affordable access

$68M awarded for initial 3 years / up to $110M over 5 years

http://asapdiscovery.org


ASAP will enable is to refine our methods with an 
unprecedented degree of prospective experimental data
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Ed Griffen (Medchemica)
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Alpha Lee (PostEra)
John Chodera (MSKCC)
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flaviviruses

picornaviruses

Warm start targets:
nsp13  nsp14 nsp16 2Apro ns2b/3

resistance-robust
targets

Antiviral targeting 
to suppress drug 

resistance

Preclinical 
development and 

translation
Target 

enablement

Fragment-to-lead 
and target 
validation

Covalent targeting 
strategies

Lead 
optimization

P R O J E C T  1 P R O J E C T  2 P R O J E C T  3 P R O J E C T  5 P R O J E C T  6

P R O J E C T  4

MproPLpro nsp3-Mac1 N-protein

9 early lead packages with
broad antiviral activity

(data disclosed in real time)

6 lead optimization
campaigns

(data disclosed in real time)

3 INDs
with public preclinical data

packages

D D D DA AA BSS ABSD

ADMINISTRATIVE
CORE

DATA INFRASTRUCTURE 
CORE

STRUCTURAL BIOLOGY
CORE

BIOCHEMICAL ASSAY
CORE

ANTIVIRAL EFFICACY AND 
RESISTANCE CORE

John Chodera (MSKCC)
Ben Perry (DNDi)

Alpha Lee (PostEra)
Administrative Director

Project Coordinator

Alpha Lee (PostEra)
Matthew Robinson (PostEra)

Frank von Delft (Diamond)
John Chodera (MSKCC)

Frank von Delft (Diamond Light Source)
Daren Fearon (Diamond Light Source)
Martin Walsh (Diamond Light Source)

Nir London (Weizmann)
Haim Barr (Weizmann)

Kris White (Mount Sinai)
Adolfo García-Sastre (Mount Sinai)

Randy Albrecht (Mount Sinai)
Johan Neyts (Leuven) [service facility]

ABSDSUPPORTING LETTERS

OPEN SCIENCE 
OUTPUT BY 

YEAR 5:

John Chodera (MSKCC)
Ben Perry (DNDi)

Alpha Lee (PostEra) PIs

10 target-enabling 
packages (TEPs)

(data disclosed in real time)

First $68M awarded for first 3 years / up to $110M over 5 years

We will spend over $12M on chemistry on 
compound designs our methods select 

This provides an unprecedented opportunity to 
build be!er predictive models while producing 
useful antivirals against future pandemics 

The infrastructure we build for accelerated 
discovery can be directly applied to cancer

PRIMARY ENZYME, TIER 
1 IN VITRO ADMET

ANTI-VIRAL 
POTENCY & 
RESISTANCE 

(SCREENING)

ANALYZE

SYNTHESIS

75%
DESIGN

DESIGN-MAKE-TEST-
ANALYZE  

CYCLE

h!p://asapdiscovery.org 

http://asapdiscovery.org


We are driving the development of a new generation of 
hybrid physical / machine learning models

▪ Fast, structure-based machine learning surrogates assess designs over 
vast synthetic chemical spaces prioritize useful calculations

▪ Adaptive allocation of effort to alchemical free energy calculations  
guided by machine learning cost predictions

▪ Machine learned optimal alchemical transformations produce faster 
estimates of free energy differences more cheaply

▪ Learnable machine learning potentials fit to experimental free energy  
and quantum chemical data produce higher accuracy predictions

Chemical Science 2022 https://doi.org/10.1039/D2SC02739A  
bioRxiv https://www.biorxiv.org/content/10.1101/2021.08.24.457513v2

https://doi.org/10.1039/D2SC02739A
https://www.biorxiv.org/content/10.1101/2021.08.24.457513v2


force fields have traditionally been 
HEROIC products of HUMAN effort

experimental data 
quantum chemistry 

keen chemical intuition

a parameter set we 
desperately hope someone 

actually uses

heroic effort by graduate 
students and postdocs



proteins  
post-translational modifications

small molecules 

nucleic acids 

lipids

carbohydrates

water 
ions

Amber20 recommendations

force fields have traditionally been 
HEROIC products of HUMAN effort



proteins  
post-translational modifications

small molecules 

nucleic acids 

lipids

carbohydrates

water 
ions

Amber20 recommendations

Quickly adds up to >100 human-years 

Intended to be compatible, but not co-parameterized 
Significant effort is required to extend to new areas  
(e.g. covalent inhibitors, bio-inspired polymers, etc.) 
Nobody is going to want to refit this based on some new data 

How can we bring this problem into the modern era? 

force fields have traditionally been 
HEROIC products of HUMAN effort



preprint: h!ps://arxiv.org/abs/2010.01196   
code: h!ps://github.com/choderalab/espaloma 

JOSH FASS
YUANQING 

WANG

Figure 1. End-to-end di�erentiable molecular mechanics parameter assignment. Espaloma (Extendable Surrogate
Potential Optimized by Message-passing Algorithms) is a modular approach for directly computing molecular mechanics
force �eld parameters �FF from a chemical graph G such as a small molecule or biopolymer via a process that is fully dif-
ferentiable in themodel parameters�NN. In Stage 1, a graph net is used to generate continuous latent atom embeddings
describing local chemical environments from the chemical graph. In Stage 2, these atom embeddings are transformed
into feature vectors that preserve appropriate symmetries for atom, bond, angle, and proper/improper torsion inference
via Janossy pooling. In Stage 3, molecular mechanics parameters are directly predicted from these feature vectors us-
ing feed-forward neural nets. This process is performed once per molecular species, allowing the potential energy to
be rapidly computed using standard molecular mechanics implementations thereafter. This approach can be easily ex-
tended to incorporate additional molecular mechanics parameter classes (such as parameters for a charge-equilibration
model [1], point polarizabilities, or valence coupling terms) in a modular manner.

• First, a set of rules are used to classify atoms into atom types that must encode any information about40

the chemical environment that will be used by subsequent steps.41

• Next, bond, angle, and torsion types are determined by the composing atom types.42

• Finally, the parameters attached to atoms, bonds, angles, and torsions are assigned according to a43

table of these parameter classes.44

As a result, atoms, bonds, angles, or torsions with distinct chemical environments that happen to fall45

into the same expert-derived category are forced to share a same set of parameters, potentially leading to46

poor accuracy. Furthermore, the explosion of discrete parameter classes describing equivalent chemical47

environments not only poses signi�cant challenges to extending the space of atom types [17], optimizing48

these independently has the potential to compromise generalizabilty and lead to over�tting. Even with49

modern optimization frameworks [18–20] and su�cient data, parameter optimization is only possible in50

the continuous parameter space de�ned by these �xed atom types, while the mixed discrete-continuous51

optimization problem—jointly optimizing types and parameters—is intractable.52

Here, we demonstrate a the potential for a continuous alternative to discrete atom typing schemes53

that permits end-to-end di�erentiable optimization of both “typing” and parameter assignment, allowing the54

entire force �eld to be built, extended, and applied using standard machine learning frameworks utilizing55

automatic di�erentiation such as TensorFlow, PyTorch, or JAX (Figure 1). We hypothesize that graph neural56

networks (graph nets) have at least equivalent expressiveness with expert-derived typing rules, with the57

advantage of being able to smoothly interpolate between representations of chemical environments. We58

�rst provide experimental evidence of this hypothesis by showing that, with acceptable errors:59

2 of 25

use of only chemical graph 
means that model can generate 
parameters for small molecules, 
proteins, nucleic acids, covalent 
ligands, carbohydrates, etc.

Hybrid physical / machine learning models are data-
efficient and can generalize broadly

https://arxiv.org/abs/2010.01196
https://github.com/choderalab/espaloma


espaloma makes learning new physical models easy

h!p://github.com/choderalab/espaloma

espaloma architecture

(implemented in pytorch)

building a new force field

YUANQING WANG

http://github.com/choderalab/espaloma


Espaloma small molecule parameters perform as well or 
better than modern biomolecular force fields

preprint: h!ps://arxiv.org/abs/2010.01196  
code: h!p://github.com/choderalab/espaloma 
free energy calculations with h!p://github.com/choderalab/perses 

Yuanqing 
Wang

Hannah 
bruce 

macdonald

Dominic 
Rufa

Ivy  
Zhang

Iván 
pulido

Mike 
Henry

OpenFF 1.2.0 small molecule 
Amber ff14SB protein 

TIP3P water

espaloma “joint” 0.2.2 small molecule 
Amber ff14SB protein 

TIP3P water

~1 year of effort ~1 day of effort

https://arxiv.org/abs/2010.01196
http://github.com/choderalab/espaloma
http://github.com/choderalab/perses


hybrid docking 
shape overlay and  
physical docking

featurize 
chemical/structural features

deep learning 
to predict conformation/

pose specific affinity

Boltzmann pooling across 
conformations/poses 

to predict affinities
�G = �kBT ln

X

i

e��(�Gconf
i +�Gbind

i )

prioritize conformations, 
poses for detailed alchemical 

free energy calculations

OpenFold-like modeling 
of mutant conformations

distinct conformations of apo kinase

We’re building new hybrid machine learning / physical models to drive  the 
discovery of mutant-selective kinase inhibitors for cancer therapy

structure-based 
ML surrogates

Integrated infrastructure can 
predict affinity, selectivity, 

and impact of mutations

prof. Dr. Andrea  

Volkamer



Our ultimate goal is to develop tools to 
enable fully autonomous drug discovery

Diagram from h!ps://coley.mit.edu/research/ 

By moving humans out of the DMTA loop, humans can focus on objectives and strategies 
across many targets, rather than just which molecules to make

MICHAEL 
RETCHIN 

CBM student

https://coley.mit.edu/research/


What makes us think we can automate 
decisionmaking in drug discovery?

https://www.cnn.com/2004/TECH/ptech/03/14/darpa.race/ https://electrek.co/2022/06/23/gm-cruise-takes-first-fares-for-paid-driverless-taxi-in-san-francisco/ 

https://www.cnn.com/2004/TECH/ptech/03/14/darpa.race/
https://electrek.co/2022/06/23/gm-cruise-takes-first-fares-for-paid-driverless-taxi-in-san-francisco/


Autonomous discovery will be transformative 
in mutant-selective kinase inhibitor discovery

Phase 2
efficacy

Phase 3
effectiveness

Phase 1
safety

NDA
new drug approval

PreclinicalTarget

Autonomous  
decision-making engine

DESIGN

TESTAN
AL

YZ
E

MAKE

Phase 2
efficacy

Phase 1
safety

Phase 2
efficacy

Phase 3
effectiveness

Preclinical

Phase 1
safety

Preclinical

Preclinical
Phase 2

efficacy
Phase 3

effectiveness
Phase 1

safety
NDA

new drug approval
Preclinical

Phase 1
safety

Preclinical

7% patients
$43M
7.4 y

13% patients
$112M
9.3 y

failure
$3.2M

2.8 years

3% patients
$62M

11.1 years

DECISION 
POINT WITH 
OPTIONS

SIMULATE ALL POSSIBLE FUTURES - - - - - - - - - ->
value

total cost
duration

clinical mutant landscape

JESSICA 
WHITE 

CBM student



Thanks!

Start Folding at h!p://foldingathome.orgCode and data available at h!p://www.choderalab.org
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