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On average, an approved drug today costs $2-3 billion and takes over ten years to develop?. In
part, this is due to expensive and time-consuming wet-lab experiments, poor initial hit compounds,
and the high attrition rates in the (pre-)clinical phases. Structure-based virtual screening (SBVS)
has the potential to mitigate these problems. With SBVS, the quality of the hits improves with

the number of compounds screened?. However, despite the fact that large compound databases
exist, the ability to carry out large-scale SBVVSs on computer clusters in an accessible, efficient,
and flexible manner has remained elusive. Here we designed VirtualFlow, a highly automated and
versatile open-source platform with perfect scaling behaviour that is able to prepare and efficiently
screen ultra-large ligand libraries of compounds. VirtualFlow is able to use a variety of the most
powerful docking programs. Using VirtualFlow, we have prepared the largest and freely available
ready-to-dock ligand library available, with over 1.4 billion commercially available molecules. To
demonstrate the power of VirtualFlow, we screened over 1 billion compounds and discovered a
small molecule inhibitor (iKeapl) that engages KEAP1 with nanomolar affinity (Ky = 114 nM)
and disrupts the interaction between KEAP1 and the transcription factor NRF2. We also identified
a set of structurally diverse molecules that bind to KEAP1 with submicromolar affinity. This
illustrates the potential of VirtualFlow to access vast regions of the chemical space and identify
binders with high affinity for target proteins.

Repeated optimization of lead compounds and late-stage failure of drug candidates are

the primary causes of longer development times and increased costs in drug development.
Improving the quality of the initial lead compounds would minimize these lead optimization
cycles and result in drug candidates entering (pre-)clinical phases with greater specificity
and higher affinity. Virtual screening to identify molecules that bind to a specified site

on a receptor protein has become an important part of the drug discovery pipeling2-.
Current virtual screening paradigms routinely sample only a tiny fraction, on the order

of 108 —107 molecules, of the total chemical space of small organic compounds suitable

for drug discovery, estimated to encompass more than 1089 molecules®. However, the

scale of a virtual screen is of central importance because the more compounds that are
screened, (a) the lower the rate of false positives, and (b) the more favourable the quality

of the lead compounds (e.g., higher-affinity binders). It was recently shown experimentally
that ultra-large scale screening improves the rate of true positives?. Here we derived a
probabilistic model of the true-positive rate as a function of the number of compounds
screened, and analysis of our ultra-large screen confirms that the docking score of the
highest-scoring compounds improve with the scale. Increasing the scale of a virtual screen
can improve the quality of initial hits in two distinct ways: (1) by identifying hits with
tighter binding affinity, which can result in lowered dosages and fewer off-target effects, and
(2) by discovering compounds with more favourable pharmacokinetic and/or less inherent
cytotoxic properties.

To increase the number of compounds evaluated in a virtual screen by orders of magnitude
and make it accessible to any researcher, there is a dire need for a platform that can
integrate all the tasks in the virtual screening process. Such a platform should ideally (1)
scale linearly with the number of CPUs, (2) efficiently handle billions of files, (3) minimize
input and output (1/0) load, (4) run robustly (e.g., skip incorrectly encoded ligands, resist
temporary 1/0 problems, and resume following unexpected termination), (5) run on any
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type of computing cluster (including cloud platforms), and (6) be user-friendly and easy to
use for non-computational scientists. Furthermore, to provide flexibility, a SBVS platform
should be able to interface with a variety of docking programs, support both rigid and
flexible receptor docking, test multiple docking scenarios in a single workflow, allow for
consensus and ensemble docking, and carry out multiple replicas of the same docking
scenario. Lastly, to democratize access, facilitate widespread usage, and catalyse further
development, such a platform would need to be open source.

With these requirements in mind, we designed VirtualFlow, an open-source platform
that is able to screen chemical space on an unprecedented scale. Screening one billion
compounds on a single processor core, with an average docking time of 15 seconds per
ligand, would take 475 years. By contrast, VirtualFlow can dock one billion compounds
in approximately two weeks by leveraging 10,000 CPU cores simultaneously. Such high
performance computing facilities are available to researchers through several potential
sources, including local institute computer clusters, national supercomputing centres, or
cloud computing platforms.

Targeting KEAP1 using VirtualFlow

To test the advantages of ultra-large-scale in silico screening and the performance of the
VirtualFlow platform we decided to target the challenging and therapeutically relevant
protein-protein interaction (PPI) between nuclear factor erythroid-derived 2-related factor
2 (NRF2) and Kelch-like ECH-associated protein 1 (KEAP1). NRF2 is a master regulator
of cellular resistance to oxidative stress and cellular repair’. Under unstressed conditions,
NRF2 is sequestered by KEAP1, an E3 ubiquitin ligase substrate adaptor, and targeted

for degradation®. However, upon oxidative stress, reactive oxidants dissociate NRF2 from
KEAP1 and NRF2 translocates to the nucleus to activate its transcriptional program of
approximately 250 genes®. The NRF2-KEAP1 pathway is critical in protecting the cell
under oxidative stress and inflammation and is implicated in a number of diseases!C. There
are ten drugs targeting KEAP1 that are in clinical trials and nine more that are at the
preclinical stagel®. Using VirtualFlow, we screened ~1.3 billion compounds (~1 billion
compounds from the Enamine REAL Library and ~330 million compounds from the ZINC
library) against the NRF2 interaction interface on KEAP1. First, we would like to describe
the salient features of VirtualFlow and its scalability.

Characteristic features of VirtualFlow

One of the key features of VirtualFlow is its linear scaling behaviour (6(N)) with respect

to the number of CPUs and nodes utilized. VirtualFlow can run on computer clusters
operated with any of the major resource managers (SLURM!L, Moab/TORQUE?2, pPBS13,
LSF14 and SGEL), and compatibility with additional job schedulers can be easily added.
Thus VirtualFlow is also ideally configured for cloud computing platforms like Amazon’s
Web Services (AWS), Microsoft’s Azure and Google’s Cloud Platform (GCP). VirtualFlow
is able to run autonomously from the first to the last ligand in the screening pipeline, a
feature facilitated by automatic submission of new batch system jobs. The workflow can be
monitored and controlled in real time. The VirtualFlow package consists of two applications
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that work seamlessly together: The VFLP (VirtuaFlow for Ligand Preparation) module,
which prepares small molecules for screening; and the VFVS (VirtualFlow for Virtual
Screening) module, which executes the virtual screening procedures (Fig. 1). The separation
of ligand preparation and virtual screening is desirable because the same ready-to-dock
ligand library can be used in any number of VFVS virtual screens.

VirtualFlow for Ligand Preparation (VFLP)

VFLP (VirtualFlow for Ligand Preparation) prepares ligand databases by converting them
from the SMILES format into any desired target format (e.g., the PDBQT format, which

is required by many of the AutoDock-based docking programs). VFLP uses ChemAxon’s
JChem package as well as Open Babel to desalt ligands, neutralize them, generate (even
multiple) tautomeric states, compute protonation states at specific pH values, calculate 3D
coordinates, and convert the molecules into desired target formats (Extended Data Fig. 2).
The output file formats currently supported by VFLP are shown in Supplementary Table 7.

Preparation of the Enamine REAL library

Commercially available compounds constitute the most interesting subset of the chemical
space, since these compounds can be readily purchased. The largest vendor library available
today is the REAL library of Enamine, containing approximately 1.4 billion make-on-
demand compounds (as of October 2019 the ZINC 15 database contained 1.46 billion
compounds, but only provided 630 million molecules in a ready-to-dock format). We have
used VFLP to convert the ~1.4 billion compounds of the REAL library into PDBQT
format (see Methods), and have made it freely available on the VirtualFlow homepage,
accessible via a graphical interface (Supplementary Fig. 5). The entire database has a
six-dimensional lattice architecture, the general concept of which was modelled after the
ZINC 15 databasel8, where each dimension corresponds to a physico-chemical property of
the compounds (molecular weight, partition coefficient, number of hydrogen bond donors
and acceptors, number of rotatable bonds, and the topological polar surface area). The
preparation of ligands using VFLP is a one-time effort.

VirtualFlow for Virtual Screening (VFVS)

To set up a virtual screen with VFVS, a set of docking scenarios is specified by the

user. Docking scenarios are defined by the choice of the external docking program, the
receptor structure, and the docking parameters (which include the predefined docking
surface on the receptor, residues on the receptor that are allowed to be flexible during
docking, and the rigor of the docking routine). VirtualFlow currently supports the following
docking programs: AutoDock Vinal?, QuickVina 218, Smina (which includes the Vinardo
and AutoDock 4 scoring functions)9, AutoDockFR (ADFR)2%, QuickVina-W?, VinaXB21,
and Vina-Carb?2. By supporting an array of different docking programs, VFVS can be used
in a variety of cases by leveraging the unique advantages of each program. VFVS allows
the specification of multiple docking scenarios to be carried out for each ligand, enabling
consensus docking procedures, as well as ensemble docking procedures2324, VirtualFlow is
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also amenable to the integration of other docking programs that are not currently a part of
this platform.

Scaling behaviour of VFVS

In order to measure the scaling behaviour of VFVS, we measured the performance on
two local clusters, LC1 and LC2. On LC1, we used 18,000 CPU cores of heterogeneous
composition (different models of Intel Xeon and AMD Opteron processors), whereas

on LC2 we employed up to 30,000 Intel Xeon 8268 CPUs. The scaling behaviour

was effectively linear in both cases (7.e., 6(N), where Nis the number of cores), see
Extended Data Fig. 3a. These results meet theoretical expectations since there is no
direct communication between the processes running in parallel, which is key to perfect
scaling behaviour without bounds. The independence of its parallel processes means that
VirtualFlow is expected to scale linearly even if millions of cores are used. We also tested
the performance of the platform on cloud-based computing systems including GCP and
AWS. On the GCP we carried out large-scale benchmarks with up to 160,000 CPUs,

and despite this massive scaling in CPU volume, VirtualFlow still exhibited linear scaling
behaviour (Extended Data Fig. 3a). A typical high-throughput screen, such as the one
described in this study, of 1 billion compounds will take ~15 hours on the GCP with
160,000 CPUs, making VirtualFlow suitable for the highly anticipated exascale computing
age.

Multistaging using VFVS

VFVS can also be used to organize virtual screens with multiple stages to substantially
increase the quality of the results (Fig. 2a). In the multi-staging approach, several virtual
screens are executed in succession. The number of top-scoring compounds that advance
from one stage to the next is successively reduced, with concomitant increases in docking
accuracy and computational cost.

Using VFVS to screen 1.3 billion ligands

In order to validate the performance of VFVS we screened a virtual library of 1.3 billion
commercially available compounds (~330 million compounds from the ZINC 15 database®,
and ~1 billion compounds from the Enamine REAL library) against KEAP1. This effort
was completed in around four weeks, using on average approximately 8,000 cores on a
heterogeneous Linux cluster.

To illustrate the benefit of an ultra-large-scale screen, we chose a subsets of the ligands (0.1,
1, 10, and 100 million compounds) randomly from the 1 billion compound screen of the
REAL library and considered the scores of the top 50 compounds.(Fig. 2b). As the scale

of the screen increased, the average docking score increased thus improving the chances of
identifying tighter binders. This in turn leads to higher true hit rates and tighter experimental
binding affinities, as predicted by a probabilistic model which we derived (Supplementary
Section D). and which was experimentally demonstrated previously?.
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To demonstrate VirtualFlow in a multi-staging context we subjected the top ~3 million
ranking compounds from the primary virtual screen to a rescoring procedure (Fig. 2a). In
stage-2, the 13 residues of KEAP1 at the NFR2 interaction interface were allowed to be
flexible. This flexibility accounted for the movement/dynamics of the amino acids at the
binding interface, not captured by a static structure. In the re-scoring procedure we utilized
two different docking programs (Smina Vinardo and AutoDock Vina), and two replicas

of each docking scenario were carried out to further increase the conformational space
sampled during the docking runs. The necessity of multi-stage screening depends on the
target of choice and the computational resources available, but this type of virtual screen is
particularly useful in cases where dynamics at the docking interface is expected to play a
significant role.

Experimental validation

From the /n silico screen described above, we chose 590 hits for experimental validation.
Of these, 492 compounds were from the top 0.03% of stage-2 screen and 98 compounds
were from the top 0.0001% of stage-1. Hits from stage-1 were ordered to compare the

true hit rate between stage-1 and stage-2 hits, in a multistage setting. In addition to

the ranking by docking score, the choice of these compounds was based on factors like
drug-likeness, availability for procurement, ligand efficiency and chemical diversity. We
used four established biophysical methods: fluorescence polarization (FP), surface plasmon
resonance (SPR), nuclear magnetic resonance (NMR), and bio-layer interferometry (BLI)
to experimentally validate the binding of the VirtualFlow-derived hits to KEAP1. FP and
SPR were initially used in a high-throughput fashion (Level-1) to detect binding and the
compounds identified here were subsequently validated with more scrutiny in a detailed
and low-throughput fashion (Level-2). We used a recombinantly expressed and purified
Kelch domain of mouse KEAP1, henceforth referred to as KEAPL. An overview of the
experimental verification workflow is graphically represented in Extended Data Fig. 6, and
a detailed description of the experimental procedure is provided in the methods section.

Of these four biophysical methods, FP and BLI detect the ability of the hits to displace

the NRF2 peptide from KEAPL, identifying hits we refer to as displacers. SPR and NMR
directly detect binding of hits to KEAP1, identifying hits referred to as binders. VirtualFlow
identifies molecules that potentially bind to the NRF2-interacting interface on KEAP1, but
the Jn silico screen is performed using KEAP1 alone, in the absence of NRF2. The NRF2
binding surface on KEAPL1 is part of the deep pocket/tunnel of the KEAP1 B-barrel with
NRF2 binding to the entrance of this tunnel. However, some compounds could bind more
tightly by inserting deep into this central tunnel of KEAP1 rather than embracing the surface
like the NRF2 peptide, and/or bind to parts of KEAP1 not engaged by NRF2. Such binders
might not effectively disrupt the interaction with NRF2, while still engaging KEAP1 with
high affinity (Extended Data Fig. 9). In our experimental validation we identified both
displacers and binders.

Out of the cherry-picked 590 compounds, 69 were confirmed to bind to KEAP1 by Level-2
SPR. To assess the ability of the compounds to displace the NRF2 peptide we used the FP
assay. Ten compounds were confirmed to be displacers with an ICgy < 60 uM by FP and

all of them were identified as a binder by Level-2 SPR. Interference by autofluorescence
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from the compounds themselves prevented the analysis of some of the compounds by FP.
Thus, we used BLI as an orthogonal assay to assess the ability of the compounds to displace
NRF2. The binding affinity of the NRF2 peptide to KEAP1 as measured by BLI was

1.86 nM which is similar to that measured by FP, 3.67 nM (Extended Data Fig. 4). 40
compounds of the 69 SPR Level-2 active compounds were able to disrupt the NRF2-KEAP1
interaction as observed by BLI. Of these 40 compounds, 16 were able to displace NRF2
from KEAP1 at a compound concentration of 20 uM, while all 40 compounds could do

so at 100 uM. Using BLI, we were able to identify displacers that were missed by FP

due to autofluorescence (an example is shown in Extended Data Fig. 8). We tested all

the SPR Level-2 active compounds for potential aggregation by Dynamic Light Scattering
(DLS). We identified seven compounds that aggregated in the DLS assay and hence were
not considered for further evaluation (Supplementary Table 5). Based on the SPR Level-2
and the FP Level-2 binding data, we selected 23 compounds for SPR Level-3 experiments
to determine the binding affinity. All 23 compounds had affinities in the low micromolar

to nanomolar range, and 12 compounds had submicromolar Kj values. From these 23
compounds, we tested the binding of six compounds (iKeapl, 2, 7, 8, 9 and 22) to KEAP1
by a suite of NMR-based ligand-detected experiments. Out of these six compounds, five

are displacers and one of them (iKeap9) is a binder. These six compounds were selected on
the basis of the solubility constraints of the NMR experiments, the SPR Kj value, and/or
their ability to displace the peptide. We used differential line broadening (DLB), saturation
transfer difference (STD), Car-Purcell-Meiboom-Gill (CPMG)-based transverse relaxation
time experiments, and protein-observed 1H-13C heteronuclear multiple-quantum correlation
(HMQC) experiments to confirm binding of the compounds to KEAPL1. The ligand-detected
NMR experiments confirmed that all six of the tested SPR Level-3 active compounds bind
to KEAP1 (Fig. 3, Extended Data Figs. 7, 8). Protein-detected 1H-13C HMQC experiments
show that the compounds engage KEAP1 in a specific manner, at the targeted NRF2 binding
site. In the absence of resonance assignments, we use the fact that the compounds perturb a
subset of KEAP1 resonances affected by the addition of the NRF2 peptide as evidence for
competitive binding. These compounds are shown in Supplementary Figs. 1, 2 and 3. Details
about the other active compounds is provided in Supplementary Information Section B.

Two of our top hits, iKeapl and iKeap2 are able to displace the NFR2 peptide from
KEAP1. Both of the compounds are predicted to engage the NRF2 binding pocket on
KEAP1, located at the entrance to the tunnel formed by the p-barrel. (Fig. 3a, b). In
comparison to iKeap2, iKeapl descends deeper into this central tunnel of KEAP1. SPR
results showed that iKeapl and iKeap2 bind to KEAP1 with a binding affinity of 114 nM
and 158 nM, respectively (Fig. 3c, d). NMR-based ligand-detected experiments confirmed
that both iKeapl and iKeap2 directly bind to KEAP1 (Fig. 3e, f). FP assays showed that
iKeapl is able to displace NRF2 peptide with an ICgy of 258 nM and iKeap2 displaces

the NRF2 peptide with an ICgq of 2.7 uM (Fig. 3g, h). BLI measurements additionally
confirmed that both iKeapl and iKeap?2 are able to displace the NRF2 peptide from KEAP1.
iKeapl exhibits similarity to a previously reported naphthalene-based compound with a
lower ICsq (IC5q = 2.7 uM; compound C17 in Supplementary Table 1 and Extended Data
Fig. 5d)%°. C17 was identified as the best hit in a high-throughput screen (HTS) of 270,000
compounds?>.
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We would also like to highlight iKeap7, which has the highest affinity as assayed by SPR
(Kg = 15 nM) and displaces the NRF2 peptide with an ICsq of 38.2 uM (Extended Data Fig.
8). It should be noted that of the 14 hits described in the manuscript, only two hits, namely
iKeap2 and iKeap7, contain pan-assay interference compound (PAINS) substructures.
However, we performed a series of orthogonal binding assays, which confirmed that iKeap2
and iKeap7 are not experimental false positives. For details and discussion on how we
verified that our experimental results were not affected by PAINS see Supplementary
Section B.

Typically PPIs have a larger interaction interface as compared to that of the active site of
an enzyme. Hence the in silico screen can identify binders that either partially overlap with
the binding site of the interacting protein, such as iKeap9 (see Extended Data Fig. 7), or
those that bind in a manner which energetically favours the formation of the protein-protein
complex. Examples of the latter, referred to as glues, have been previously described in the
literature26,

An open source platform

Outlook

To allow VirtualFlow to be used widely and develop dynamically, it is set up as a free and
open source (FOSS) project. GPU support is planned for the future and will be incorporated
into VirtualFlow both natively and via external docking programs such as Gnina2’. We
encourage scientists to join the project and contribute to improving existing features, adding
new features and functionality. The primary homepage of VirtualFlow, which provides
additional resources, can be accessed at https://www.virtual-flow.org.

VFVS can be used to search extremely large regions of the chemical space, which is the
key to identifying promising small-molecule binders. VFVS is able to accomplish this by
efficiently utilizing high-performance computing resources, which will continue to increase
in availability and power in the years to come, and novel virtual screening databases such as
the Chemical Universe Databases (GDBs), which contain billions to trillions of compounds,
are still waiting to be explored?8.

Online content

Methods

Any methods, additional references, Nature Research reporting summaries, source data,
extended data, supplementary information, acknowledgements and competing interests; and
statements of data and code availability are available at https://doi.org.

Parallelization of the virtual screen with VirtualFlow

VirtualFlow employs four levels of parallelization in a hierarchical manner to permit it to
run on batch system-managed Linux clusters of any configuration while allowing for perfect
scaling behaviour. Each instance of VirtualFlow can submit multiple jobs, each job may use
several job steps (currently only supported when using SLURM and Moab/TORQUE/PBS

Nature. Author manuscript; available in PMC 2021 August 09.
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as the resource manager, while for SGE and LSF only single job steps per job are possible),
one job step is able to execute an arbitrary number of queues, and each queue executes the
external programs which are processing the ligands (Extended Data Fig. 1). These programs
may be additionally parallelized internally, for instance via multithreading. Details about the
workflow within a single queue is provided in Supplementary Section G.

Workload balancing

When processing ligands in parallel, there needs to be a mechanism which makes sure

that each ligand is treated only once. However, one main problem with parallelization is
that most cluster file systems are too slow to work off a single simple task list. This is
because when different processes access the file at the same time, clashes can occur, as it
may take up to several seconds until one job sees the changes made to a file by another

job. These latency problems also mean that file locking mechanisms do not prevent these
clashes. The standard solution for solving this kind of problem is to let different processes
communicate directly with each other or via a central master process. However, in most
cases, this results in sub-linear scaling behaviour, which normally worsens as more and
more parallel running processes become involved. Moreover, many advanced parallelization
methods such as MPI or OpenMP, do not allow for inter-job communication, while in many
cases multiple simultaneously running jobs are needed. Therefore, in order to maintain
perfect scaling behaviour which allows multiple jobs and a virtually unrestricted number

of CPUs, we have developed an advanced task-list mechanism. The key is to minimize the
number of instances that the parallel processes need to access the task list. The mechanism
we have implemented requires only a single access per batch system job, each of which can
contain a large number of parallel running processes. For this purpose we have implemented
a workload balancer, which distributes the tasks from the central task list at the beginning of
each job to all the queues belonging to it. The central task list contains collections of ligands
as elementary components (rather than individual ligands), and the workload balancer takes
into account the length of each collection when distributing them among the queues. This
approach dramatically reduces the number of times the central task list has to be accessed.
For example, if the workflow employs 10 jobs in parallel, and each job runs on 100 nodes
with a wall time (real run time) of one week and 24 CPU cores per node, and one ligand
requires approximately 30 seconds to be docked, then the central task list needs to be
accessed only 10 times per week to feed a total of 24,000 parallel running queues (assuming
each queue runs on one CPU core). In this case, approximately 483,840,000 ligands are
processed in one week, which means that the advanced task list approach reduced the
number of accesses to the central task list by a factor of 48,384,000 in comparison to

the number needed by a trivial task list approach (one access per ligand processed). This
factor can be improved even further depending on the job size and the cluster wall time. In
case two parallel processes want to access the central task list simultaneously, two backup
mechanisms were implemented. The first mechanism is a time-dispersion mechanism, which
spreads out simultaneously arriving jobs in time, and further stalls subsequent jobs until the
workload balancer of the current job is finished. If this mechanism should fail to prevent

a simultaneous access event, which could result in a damaged or empty task file, a second
mechanism restores the task list using an automatically backed-up copy of a previous
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version of the central task list. More information about the input and output file structures of
VirtualFlow is provided in the Supplementary Information Section F.

Reduction of I/O load

One of the potential bottlenecks of computer clusters is the 1/0 load they can handle,

even when they utilize shared cluster file systems with high bandwidth. The limit of the

I/0 capacities of a cluster can be easily reached if many small processes that individually
handle their 1/O and use the shared file system are running in parallel. This circumstance
can pose a serious problem when running large-scale workflows with thousands of queues
working in parallel, and can easily lead to crashing the cluster file system. To address this
problem and dramatically minimize the load on the shared file system, VirtualFlow is able
to perform most 1/0 operations on the local temporary file systems of the computing nodes,
which are normally fast RAM-based (virtual) drives readily available on any Linux system
(usually /dev/shm). The final output files are then stored in batches at large time intervals on
the permanent cluster file system.

Preparation of the ligand databases

One of the ligand databases which was screened originates from the state of the ZINC 15
database in the autumn of 2016. Approximately 330 million compounds were downloaded in
the SMILES format and converted into three-dimensional PDBQT files with VFLP because,
at the time, the ZINC 15 database only provided a fraction of the compounds in a ready-
to-dock format. During the conversion, the molecules were protonated with ChemAxon’s
cxcalc and the three-dimensional structure of the ligand was computed by ChemAxon’s
molconvert tool2°. If protonation or the generation of the three-dimensional structure

failed, Open Babel3? was employed as a fallback option. Other preparation steps, such

as desalting, were not carried out on these compounds as they had already undergone these
basic preparation steps for the ZINC 15 database. We also prepared the compounds in the
REAL database provided by Enamine3l. Approximately 700 million partially-stereospecific
SMILES were expanded into fully stereospecific SMILES, resulting in around 1.4 billion
molecules. These were then prepared with VFLP into a ready-to-dock format. Specifically,
the compounds were desalted and neutralized with ChemAxon’s cxcalc, major tautomers
were computed with cxcalc, and then protonated with cxcalc (using Open Babel as fallback),
the 3D coordinates were computed with ChemAxon’s molconvert2® (using Open Babel as a
fallback), and finally converted into the PDBQT format with Open Babel. This library has
been made available via an interactive web interface (Supplementary Section C). The scaling
behaviour of VFLP was measured on the GCP up to 20,000 CPU cores and this data is
shown in Supplementary Fig. 7.

Computation time of VFVS

The total computation time (7) is directly proportional to the number of ligands screened
(M) and the processing time per ligand (A), and inversely proportional to the number of
CPUs used (O):
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The processing time per ligand (P) depends mainly on the specific docking scenario (which
includes the receptor and all the possible docking options/parameters) and the speed of
CPUs used, and can be approximated by the equation

~EO+C
;1 b

P @
where 7 is a factor representing the CPU speed relative to a reference CPU, £is the docking
exhaustiveness parameter (elaborated in the next paragraph below), © is the docking time
per unit exhaustiveness on the reference CPU (i.e. the slope of the lines shown in Extended
Data Fig. 3c), and ¢ is the initial setup time required by the docking program on the
reference CPU (i.e. the y~intercept of the lines in Extended Data Fig. 3c). For a typical

case of a large-scale first-stage virtual screen on one of the newer Intel CPUs, the average
processing time per ligand (A) is roughly 5 seconds using the fastest docking settings. It
follows that when 5,000 CPUs are used, the total screening time for 100 million compounds
will be roughly 30 hours. Extended Data Fig. 3b illustrates the relationship between the
computation time and the number of CPUs for a given number of ligands (assuming an
average processing time of 5 seconds per compound).

Relationship between the exhaustiveness parameter and the docking time

The time to dock a single molecule depends on the number of conformations that are
sampled, and this number is largely independent of the size of the docking box or surface
area. The number of conformations sampled can be controlled by the exhaustiveness
parameter of the docking programs. Docking time has a linear dependency on the
exhaustiveness parameter, as shown in Extended Data Fig. 3c. The inset in the graph

shows the slope for each of the docking programs, providing an estimate of the degree of
dependency between the computational time and the exhaustiveness parameter for individual
docking programs.

Since most docking programs utilize a probabilistic search algorithm, the results of separate
iterations with the same starting set-up can differ. This circumstance can be beneficial as it
can be more efficient to carry out multiple less exhaustive docking iterations than to run one
highly exhaustive iteration. The exhaustiveness here is a measure of the extent to which the
conformational space of the ligand, and potentially the protein side chains, is explored by the
search algorithm during the docking procedure. In light of this, VFVS can be configured to
carry out multiple replicas per docking scenario, thus improving the overall efficiency.

Lead optimization using VFVS

The operational flexibility enables VFVS to also be used during lead optimization (cf.

Fig. 1). In this context, a library of analogues of a chosen lead compound can be

prepared with VFLP and screened by VFVS with high docking accuracy (e.g. setting the
exhaustive parameter to a high value, allowing specific amino acids in the binding interface
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to be flexible, using multiple docking programs, and/or multiple receptor (backbone)
conformations), which can considerably accelerate the lead optimization process.

Parameters of the virtual screen against the KEAPL1 target

For the virtual screening validation test, the crystal structure of the KEAP1 Kelch domain
(PDB-1D 5FNQ?9) was used. The protein was stripped of all small molecules present
(including water), was protonated at physiological pH, and then converted into PDBQT
format using AutoDockTools32.

The NRF2 binding interface on KEAP1 was chosen as the target of the screening, and the
exact location determined by previously published co-crystal structures of KEAP1 and the
NRF2 peptide (such as PDB ID: 4IFL). The /n sifico screen was carried out as follows:
VFVS used the docking program QuickVina 2 in an initial (primary) virtual screen with the
mouse KEAP1 as a rigid receptor structure. In this primary virtual screening, the docking
search space was a rectangular parallelepiped (i.e. a cuboid) of size 15.0 x 16.5 x 14.275
A. The exhaustiveness parameter was set to 1, which favours fast computational times.

The quality of individual docking results, and therefore the ranking, depends largely on the
external docking program chosen (which is independent of VirtualFlow).

In the rescoring procedure, the following amino acid side chains at the binding interface
were allowed to be flexible: Tyr334, Arg380, Asn382, Arg415, Cys434, His436, 1le461,
Phed78, Arg483, Ser508, Tyr525, Tyr572 and Phe577. AutoDockTools was used to generate
the rigid and flexible receptor structures in PDBQT format. The exhaustiveness was set to 1,
and two replicas (iterations) were carried out of each docking scenario (with Smina Vinardo
and AutoDock Vina as the docking programs). The size of the docking box was set to 27.0 x
27.0x 240 A.

Expression and purification of GST-KEAP1

A codon optimized vector of the mouse KEAP1 Kelch domain (residues 322—-624) cloned
into a pGEX-6P-3 vector with BamHI and Xhol cloning sites, and an NRF2 peptide
(AFFAQLQLDEETGEFL) with an N-terminal tetramethylrhodamine (TAMRA) fluorophore
were purchased from GenScript USA Inc. (NJ, USA). The pGEX-6P-3 vector contains an N-
terminal glutathione S-transferase (GST) tag which is expressed as a fusion with the target
sequence, resulting in a gene product that will henceforth be referred to as GST-KEAP1.
The vector carrying GST-KEAP1 was transformed into BL21(DE3) £. coli. The transformed
cells were grown at 37 °C to an optical density of 0.6 at a measurement wavelength of 600
nm and protein expression was induced with 0.5 mM isopropyl -D-1-thiogalactopyranoside
(IPTG). The cells were allowed to grow for 12 — 16 h at 18 °C and subsequently harvested
by centrifugation at 4,200 rpm for 20 min at 4°C. To purify GST-KEAP1, cell pellets from

2 L of culture were resuspended in 40 mL of GST binding buffer (25 mM Tris-HCI, pH 8.0,
150 mM NaCl, 1 mM EDTA) supplemented with 3.5 mM B-mercaptoethanol and protease
inhibitors (Roche). Cells were lysed by sonication, the insoluble fraction was removed

by centrifugation at 16,000 rpm and the soluble fraction was applied to 10 mL of GST
slurry (GoldBio, MO). The suspension was nutated for 4 hours at 4 °C, and the unbound
fraction was removed by gravity-flow chromatography. The slurry was washed twice with
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GST binding buffer supplemented with 3.5 mM p-mercaptoethanol. The bound fraction was
eluted from the slurry with 20 mM reduced glutathione in GST binding buffer. The resulting
eluate was loaded on a Superdex 200 size exclusion column (SEC) pre-equilibrated in SEC
buffer (20 mM Tris-HCI, pH 8.0, 50 mM NacCl, 10 mM dithiothreitol).

Fluorescence polarization (FP) assays

i Dissociation constant of the NRF2-KEAP1 interaction: We prepared 2
nM TAMRA-NRF2 peptide in FP buffer (20 mM Tris-HCI pH: 8.0, 50
mM NaCl, 10 mM DTT, 2 mM 3-[(3-Cholamidopropyl)-dimethylammonio]-1-
propanesulfonate (CHAPS), 0.005% BSA, 1% DMSO) in Corning 3575 384-
well plates, to establish the dissociation constant (Ky) of the TAMRA-NRF2-
GST-KEAP1 interaction. GST-KEAP1 was titrated into the TAMRA-NRF2
peptide starting at a concentration of 76 uM GST-KEAP1 followed by two-fold
dilutions for a total of 24 points. A Ky of 3.67 = 0.35 nM was determined for the
interaction (Extended Data Fig. 4a).

ii. FP Level-1 (high-throughput screening of compounds): All 590 compounds
ordered for testing were dissolved in DMSO-dg to a final concentration of 10
mM. Two AB1056 (Abgene, NH, USA) plates were prepared as source plates
for screening. The first source plate contained 11 pL of each of the 10 mM
compounds. The second source plate was filled with 9 uyL DMSO and 1 pL from
the first source plate was transferred into the second via pin transfer with a Vprep
liquid handling pipetting station (Agilent, CA), resulting in a final concentration
of 1 mM for each compound in the second source plate. 384-well Corning 3575
(Corning, N, USA) assay plates were pre-loaded with 7 nM GST-KEAP1 in FP
buffer (30 uL/well). 300 nL, 100 nL, and 33 nL volumes were transferred from
each source plate (the 10 mM and 1 mM plates) to pre-loaded 384-well assay
plates. The assay plates were incubated for 1 hour at room temperature before 2
nM TAMRA-NRF2 peptide was added to each well with an HP D300 (Hewlett-
Packard, CA). After 3 hours of incubation at room temperature, fluorescence
polarization (excitation 485 nm / emission 520 nm) was measured using an
EnVision plate reader (PerkinEImer, MA, USA). This assay resulted in six-point
titrations, which are not sufficient to calculate accurate 1Csq values, but allow for
the selection of top binders.

iii.  FP Level-2 (screening of top hits): The 27 compounds which were active in
the FP Level-1 assay were subjected to a second 24-point FP screen (Level-2),
starting from 500 uM compound followed by 1.5-fold serial dilution. For the
best compound, iKeapl, the starting concentration was lowered to 30 uM and
the following concentrations were used in the titration: 30.00 pM, 21.60 pM,
15.50 uM, 11.10 uM, 8.00 pM, 5.76 UM, 4.14 uM, 2.98 pM, 2.15 uM, 1.54
UM, 1.11 pM, 0.80 pM, 0.576 pM, 0.414 pM, 0.298 UM, 0.215 pM, 0.154 pM,
0.111 uM, 0.080 puM, 0.0606 M, 0.0459 uM, 0.0348 puM, 0.0264 pM, 0.02 uM.
The measurements were carried out in triplicate, and the three data points for
each concentration averaged. ICsg values were determined by fitting the averaged
data points to a four parameter logistic curve using the non-linear least squares
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method provided by the SciPy library for Python33. The standard error (see
Supplementary Table 4) on the 1Cgy was computed by taking the square root of
the diagonal of the parameter covariant matrix.

Bio-layer interferometry (BLI) assays

i Bio-layer interferometry binding and displacement assays: NRF2-KEAP1
binding BLI experiments were performed on an Octet RED384 (ForteBio, Menlo
Park, CA, USA) using streptavidin-coated Dip and Read Biosensors (ForteBio)
and 384 well plates with 120 pL volume. The sensors were incubated for 5
minutes in 500 nM biotinylated NRF2 peptide in binding buffer (10 mM HEPES,
pH 7.5, 50 mM NaCl, 0.1%(v/v) Tween20 with 0.5 mM TCEP and 1% DMSO).
To test for nonspecific binding of GST-KEAP1 protein, reference tips were
incubated in buffer alone. The tips were washed with buffer for 2 minutes to
obtain a baseline reading and then transferred to wells in various concentrations
of GST-KEAP1 protein (100 nM, 50 nM, 25 nM, 12.5 nM, 6.75 nM, 3.375
nM, 1.679 nM, 0.844 nM) for 10 minutes. After measuring association, tips
were moved to wells containing buffer, and dissociation was measured for 5
minutes. The data were processed and analysed using the Octet data analysis
software version 11.0 (ForteBio, Inc., Menlo Park, CA, USA). The association-
dissociation curve for each concentration was fitted using a 1:1 model given by
the equations

kop x C _ .
on__ __ om ~ _ (kon*c"'koff)*f)
Rl‘ - kon *C + koanaX(l e s (3)
R;)ff _ Req e koff * t’ @
off

where R™ and R are the BLI signals at time £, Req is the equilibrium response,

Kon 1S the association rate constant, A is the dissociation rate constant, Cis
the analyte (protein) concentration, and Req is the signal level at the equilibrium
of association which depends on the analyte (protein) concentration and the
maximal capacity (Rmax) Of the sensor surface. By computing the ratio Ayf/kon
the apparent equilibrium constant Kj is obtained. The resulting apparent Ky
values were averaged.

ii. Compound screening by BLI displacement assay: The BLI displacement assays
were setup as described above. The biotinylated NRF2 peptide was used at a
concentration of 500 nM and GST-KEAP1 protein was used at a concentration
of 25 nM. The compounds were used at concentrations of 20 and 100 uM, and
pre-incubated with GST-KEAP1 protein. The association phase was measured
in the well containing compound with GST-KEAP1 protein for 10 minutes,
and followed by a dissociation phase in buffer for 5 minutes. The inhibition
percentage was the average BLI signal in the last 50 seconds of the dissociation
phase, normalized against the condition of GST-KEAP1 protein in the absence
of compound. The dose-dependent experiment with iKeap22 was carried out
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at 10 uM, 20 uM, 40 uM, 80 uM and 100 uM compound concentration and
pre-incubated with 25 nM GST-KEAP1 protein.

iii.  To test for nonspecific binding of the compounds, the sensor was coupled with
biotinylated NRF2 peptide and the compounds were used at 20 UM concentration
without protein.

Surface Plasmon Resonance (SPR) binding assays

All SPR binding experiments were performed on a BiacoreT200 (GE Healthcare, Sweden)
instrument at 25°C in running buffer (10 mM HEPES pH 7.5, 50 mM NacCl, 0.1% (v/v)
Tween20 with or without 0.5 MM TCEP, 1% DMSOQ). The running buffer was prepared
freshly on each day of use, filtered and degassed prior to the SPR experiments. The target
protein (GST-KEAP1) was anchored on a CM5 chip via a GST labelling kit (GE Healthcare,
Sweden)34, where a polyclonal goat anti-GST antibody was immobilized on a CMS5 sensor
chip by the amine coupling method 1.

i SPR Level-1 (1-point HTS): The SPR Level-1 screening was carried out as
previously reported3®. First, we prepared 10 mM d6-DMSO stock solutions of
the 590 compounds which were procured in powder form. 20 pM samples of the
compounds were made by diluting the stock compounds in running buffer with
0.5 mM TCEP and 1% DMSO. The anti-GST immobilizing chip was saturated
with GST at the reference channel and GST-KEAP1 at the target channel with
resonance unit (RU) values of 750-800 for the GST and 2,000-3,000 for GST-
KEAP1. Binding of compounds to the immobilized protein was monitored for
60 seconds in both the association and dissociation phase. Additional injection
of the running buffer was performed after every compound binding. All binding
signals (RUmax = 16-29 RU, 1:1 stoichiometry) were corrected for the signals
from the reference channel and buffer blank. Compounds were classified as an
SPR Level-1 hit if the condition RU > 4 was satisfied. This criterion was based
on the positive control (iKeapl, RU = 4.65 + 0.74).

ii. SPR Level-2 (5-point HTS of the SPR Level-1 hits): The hits from the SPR
Level-1 assay were re-screened at five different compound concentrations (0.5, 1,
5, 10 and 20 pM), in running buffer with 0.5 mM TCEP and 1% DMSO, at a rate
of 30 pL/min. The hits were classified as hits if they produced a concentration
dependent SPR response and an RU value > 4 at a compound concentration of 20
M.

iii.  SPR Level-3 (SPR experiments of selected SPR Level-2 hits): 23 out of the 69
SPR Level-2 hits were chosen for Level-3 analysis. Given the low-throughput
of the Level-3 SPR assay, we chose a subset of the SPR Level-2 hits, which
included the displacers from the Level-3 FP assay, the compounds that were
tested by NMR, and select SPR Level-2 hits. SPR experiments were carried
out in which the target protein (GST-KEAP1) was captured and regenerated in
each compound cycle. All SPR data processing and analyses were performed
using the BiaEvaluation software (version 3.0). For steady-state binding, the Req
signal was plotted against the analyte concentration and fitted to the one-site
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or the biphasic binding model (see Supplementary Table 3) via the Levenberg-
Marquardt algorithm used by the BiaEvaluation software. The one-site binding
model is given by the equation

Rpyax % C
Req_—Kd+C +b, ©)
where Req is the SPR signal at equilibrium, Rnyay is the SPR signal at saturation
of the binding mode, Kj is the dissociation constant of the compound, b4 is the
offset, and Cis the concentration of the compound. The biphasic binding model
is given by the equation

Rmax; #C Rmaxy ¥ C
Ra=% =Tt K. +C
dj + dy +

+ b, (6)

where Req the SPR signal at equilibrium, Rpax, and Rmax, are the SPR signals at
saturation of the two binding modes, Kq, and K, are the dissociation constants

of the compound corresponding to the two binding modes, & is the offset, and C
is the concentration of the compound.

Standard errors of the estimated Ky values were computed with the
BiaEvaluation software, which computes them via the diagonal elements of
the covariance matrix and the residual. The software operates based on the
equations found on page 378 in the book “Receptor-Ligand Interactions: A
Practical Approach”36,

Ligand-detected NMR experiments

The differential line broadening (DLB) experiments serve as simple one-dimensional
experiments, where the proton signal of the ligand is monitored. The ligand concentration
exceeds the receptor concentration (e.g. 10-20-fold) in this experiment and broadening of
the resonance frequencies in presence of the receptor is a consequence of ligand molecules
shuttling between free and bound states. DLB manifests as a broadening of the ligand
resonance due to binding a protein. The ligand is in equilibrium between the free and
protein-bound states dictated by the equilibrium constant. DLB is the result of the change
in relaxation rate and the difference in chemical shift of the bound ligand. In the STD
experiments, a region of the spectral space (-1 to 0.5 ppm) that has resonances from the
receptor but not the ligand is selectively saturated. Resonances from methyl bearing amino
acids (lle, Leu, Val) often populate this region of the spectral space. This saturation is
transferred to the rest of the protein and eventually to the bound ligand by spin diffusion
(NOE). In the implementation of STD, two one-dimensional spectra are recorded in an
interleaved fashion. In the first experiment neither the receptor nor the ligand is saturated
(off-resonance) and in the second the receptor is selectively saturated (on-resonance).
Spectra of free ligand are observed in both experiments. However, if the ligand transiently
binds to the receptor then the saturated receptor will transfer magnetization to the ligand.
This transfer will be reflected as reduced intensity in the on-resonance saturated spectrum
compared to the off-resonance saturation. The results are often presented as a difference
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spectrum between the on and off-resonance saturation experiments. The appearance of
ligand resonances in the difference spectrum is indicative of ligand binding. Measurement
of the transverse relaxation rate of the ligand is another complementary strategy to detect
ligand binding to a receptor. The free ligand behaves like a small molecule and experiences
slow transverse relaxation, however transient binding to the receptor enhances the transverse
relaxation rate of the ligand. Thus, an increased transverse relaxation rate in presence of

a receptor directly indicates binding to the receptor. In the experimental setup a series of
1D experiments where the coherences of ligand spends increasing amounts of time in the
transverse plane is recorded. Ligands that engage the protein will relax faster than unbound
ligand. We refer to these experiments as hear as CPMG-R2 or CPMG experiments. While
any of these experiments are in principle sufficient to demonstrate ligand binding, false
positives for either of these experiments have been reported. However, a detection of a false
positive hit is highly unlikely if all three experiments indicate binding, which is the case
with all the hits reported here.

All the ligand-detected experiments were performed with 50 uM compound alone or in
presence of 5 pM KEAP1 (without the GST tag) in NMR buffer (phosphate saline buffer
supplemented with 5% DMSO-dg and 4 mM deuterated DTT at pH 7.4) unless otherwise
noted. For iKeapl and iKeap2, the protein concentration was kept at 2.5 pM due to tight
binding. 1H 1D spectra of the compounds were recorded in the absence and in the presence
of KEAP1 to assess line broadening. Saturation transfer difference spectra of the compounds
in presence of KEAP1 were recorded with 3 second saturation time on (0 ppm) and off (=20
ppm) resonance, respectively. The relaxation rate of the compounds was measured in the
absence and the presence of KEAP1 with a series of 1H 1D experiments with CPMG-based
transverse relaxation time filters of various lengths: 1 ms, 25 ms, 50 ms, 100 ms, 300 ms,
500 ms and 800 ms. Data were analysed and visualized in Matlab (MathWorks, MA).

Protein-detected NMR experiments

The cleaved mouse KEAP1 Kelch domain (residues 322—-624) consists of 308 amino

acids with close to 300 detectable amide resonances. Therefore, correlating chemical shift
perturbations of small molecule inhibitors to perturbations introduced by NRF2 would have
been prohibitively difficult in 1H-15N HSQC spectra without full backbone assignment. Our
aim here was to rely on methodology that can be quickly and easily implemented even

for very large proteins for which backbone assignment might not be feasible. Indeed, with
a molecular weight of 33.7 kDa, the mouse KEAP1 Kelch domain (322-624) is already

on the larger side for NMR backbone assignment. To overcome the spectral crowding

in a 1H-15N HSQC spectrum and minimize problems due to low ligand solubility, we
implemented a *H-13C TROSY-HMQC experiment coupled with fast data acquisition. For
the protein detected 1H-13C HMQC experiments a sample of KEAP1 which is selectively
1H and 13C labelled at the methyl groups of isoleucine, leucine, and valine residues, in

an otherwise deuterated background was used. This labelling strategy is referred to as

ILV labelling. ILV-labelled samples of KEAP1 were prepared by culturing BL21(DE3)
cells containing a plasmid for GST-KEAP1, in perdeuterated M9 medium with 1 g 15N-
NH,Cl and 2 g 2H-12C-glucose in 2H,0. One hour before induction with IPTG, 330 mg/L
2-(13C)methyl-4-(2Hs)-acetolactate (precursor for leucine and valine) was added. Prior to

Nature. Author manuscript; available in PMC 2021 August 09.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnue Joyiny

1duosnuen Joyiny

Gorgulla et al.

Page 18

that the acetolactate was activated as previously described3’. 20 min before induction

75 mg/L 13C/2H methyl - and otherwise deuterated - ketobutyrate sodium (precursor for
isoleucine) was added. The use of acetolactate resulted in stereospecific 1H-13C labelling of
only one of the leucine(A2) and valine(y2) methyl groups as previously described3’. The
protein was purified as described above. The GST-tag was cleaved by preScission protease
cleavage and the free mouse KEAP1 Kelch domain was eluted in NMR buffer from a size
exclusion column. All NMR measurements for the ILV-labelled KEAP1 were performed at a
protein concentration of 5 uM. The protein concentration was kept low to account for poor
solubility (for NMR) of some of the compounds. The concentrations of the compounds were
50 uM, except for iKeapl and iKeap2, where the concentrations were 25 UM, due to poor
solubility.

Given the low concentration of the protein, we used the methyl SOFAST methyl TROSY
with 46 ms and 18 ms acquisition times in the direct and indirect dimensions, respectively38.
The spectral width was set to 14 ppm (*H) and 20 ppm (13C) in the direct and indirect
dimensions, respectively and the spectrum was recorded at 298 K on an 800 MHz Bruker
spectrometer equipped with an AVANCE 111 console and a cryogenically cooled probe. A
4.5 ms Pc9_4 90.1000 pulse was used for selective excitation of the methyl *H resonances
and a 1.2 ms Rsnob.1000 pulse was used to selectively refocus proton chemical shift
evolution and TH-13C J-coupling during 13C chemical shift evolution. Proper choice and
calibration of the excitation and refocusing pulses is crucial to avoid perturbing the water
signal, which can significantly lower the achievable signal to noise. Fast data acquisition
was achieved with a 150 ms recycling delay, which allowed for the recording of experiments
with 512 scans in 5 hours.

Detecting aggregation using Dynamic Light Scattering (DLS)

To test the potential aggregation of hits we used DLS experiments. The experiments were
performed on a ZS90 Zetasizer instrument (Malvern Panalytical, UK). Measurements were
done in triplicate with 10 scans per run (100 s). The compounds were used at 20 uM
concentration in running buffer (10 mM HEPES pH 7.5, 50 mM NaCl, 0.1% (v/v) Tween20
with or without 0.5 mM TCEP, 2% DMSO) which was filtered before usage. The 20 uM
working solution was made from a 1 mM stock of the compound in DMSO. The data

was analysed by the built-in software. Compounds were classified as aggregated when the
radius of the measured particles was above the minimum colloidal aggregate size (for small
molecules) of 50 nm?3°.

In addition, the solubility of iKeapl, our most potent displacer, was analysed with an NMR
solubility assay based on a technique described previously“®. We made individual samples
of iKeapl at various concentrations (in PBS buffer, pH 7.4) ranging from 5uM to 30uM

and measured the 1D NMR spectrum of each sample with identical experimental conditions.
The resonances of iKeapl were then integrated and plotted as a function of concentration.
The plot shows a linear trend (R2 = 0.996) indicating that iKeap1 does not aggregate in this
concentration range (see Supplementary Fig. 4).
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Excluding interference from PAINS

PAINS comprise 480 markers initially identified as moieties postulated to cause interference
in experimental high-throughput screens*L. PAINS compounds are often found in the
databases commonly used for /in silico screens, and the user should be cognizant of the fact
that a potential hit could harbour a PAINS sub-structure. However, it should also be noted
that certain PAINS-like aspects can be mitigated by judicious use of medicinal chemistry,
and some aspects of PAINS could have no effect, depending on the target of choice and/or
the experimental assays used*243. Attention should be paid to identifying and rigorously
characterizing any PAINS compounds amongst the hits identified in an /n silico screen.

Two of the hit compounds (iKeap2 and iKeap7) reported in this manuscript harbour PAINS
substructures. We performed additional experiments to confirm that iKeap2 and iKeap7
are not false positives due to assay interference. Primarily, we used 1) DLS to confirm

that all the compounds shown here do not aggregate at the concentrations used in the
various experiments (Supplementary Table 5), 2) ligand-detected NMR experiments, STD
and CPMG, performed with a 10-fold excess of the compound to show that iKeap2 and
iKeap7 bind KEAPL1 in a reversible manner (Fig. 3 and Extended Data Fig. 8), and 3)
protein-observed H-13C HMQC experiments to show that both iKeap2 and iKeap7 engage
KEAP1 in a specific manner at the NRF2 binding site and do not aggregate the protein
(Supplementary Figs. 1, 3). In the event these compounds caused KEAP1 to aggregate, all
the resonances will be broadened, which is not the case here.

Statistics and reproducibility

Characterization of the violin plots in Fig. 2b: Screening size 100K: minimum: -10.3;
maximum: —11.6; median: —10.4; Q1: —10.4, Q3: —10.6. Screening size 1M: minimum:
-10.9; maximum: -12; median: —11; Qq: -11.1, Q3: —11.3. Screening size 10M: minimum:
-11.675; maximum: —12.3; median: —=11.5; Qq1: —11.4, Q3: —11.5. Screening size 100M:
minimum: —11.8; maximum: —12.6; median: —-11.9; Qq: —11.8, Q3: —12.1. Screening size
1B: minimum: =12.3; maximum: =13.4; median: -12.4; Qq: -12.3, Q3: —12.6.

Code availability

VirtualFlow is mainly written in Bash (a Turing complete command language), which

not only makes it simple for anyone to modify and extend the code, but also has

essentially no computational overhead and is readily available in any major Linux
distribution. The code for VirtualFlow is freely available on https://github.com/VirtualFlow,
distributed under the GNU GPL open-source licence. The primary homepage for end

users where additional resources including documentation, ligand libraries, tutorials and
video demonstrations is available at https://www.virtual-flow.org. The external docking
programs discussed here are available as follows: AutoDock Vina is available at http://
vina.scripps.edu/, QuickVina 2 and QuickVina-W at https://qvina.github.io/, Vina-Carb

at http://glycam.org/docs/othertoolsservice/download-docs/publication-materials/vina-carb/,
Smina at https://sourceforge.net/projects/smina/, AutoDockFR at http://adfr.scripps.edu/ and
VinaXB at https://github.com/ssirimulla/vinaxB.
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Data availability

The ready-to-dock library from Enamine is freely available online on the homepage of
VirtualFlow at http://virtual-flow.org/real-library. Source data of Figs. 2, 3 and Extended
Data Figs. 7, 8 is available online at https://doi.org.

Extended Data
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Extended Data Fig. 1: Schematic overview of the organization of the VirtualFlow workflow on
computer clusters.

A computer cluster consists of compute nodes, i.e. single computers (blue boxes), which
contain a certain number of CPU cores (black squares inside the blue boxes). The resource
manager (batch system) of the cluster employs so-called jobs (large violet oval shapes),
each of which uses a certain number of CPU cores and nodes. In the example shown
above, each job uses three compute nodes, where each node has 8 CPU cores. Each job
can employ multiple sub jobs, referred to as job steps (purple circles). With VirtualFlow,
each job step employs multiple queues (white oval shapes within the purple circles). Often
the workflow is setup such that on each CPU core one queue is running. The hierarchical
multi-organization is required to allow VirtualFlow to run on any type of cluster, from the
largest supercomputers (which often require that a single job employs multiple nodes) to
very small clusters (which often allow a job to use single CPU cores). Each queue processes
ligands, which are taken from the input collections in raw form and stored in the output
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collection/database. The central task list contains all the ligand collections which should be
processed by the workflow, and they are distributed among the queues (into local task lists)
by a workload balancer at the beginning of each job. The user can choose any number of
batch system jobs (first row with Job 1.1 through Job X.1), which will automatically start
successive jobs (second row with Job 1.2 through X.2) after their completion.

Original compound (SMILES)

\

Desalted compound
\J
_____ Neutralized compound
P Y )
Tautomer 1 Tautomer 2 Tautomer ...
Y Y Y
Protonated tautomer 1 Protonated tautomer 2 Protonated tautomer ...
Y Y Y
Protonated tautomer 1 in 3D Protonated tautomer 2 in 3D Protonated tautomer ... in 3D
Target format 1 Target format 2 Target format ... Target format 1 Target format 2 Target format .. Target format 1 Target format 2 Target format ..

Extended Data Fig. 2: Overview of possible processing steps during the ligand preparation with
VFLP.

Ligands can be desalted, neutralized, (possibly multiple) tautomeric states can be generated,
protonation states for each tautomer computed at specific pH values, 3D coordinates
computed, and finally the molecules can be converted into (potentially multiple) desired
target formats.
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Extended Data Fig. 3: Docking and virtual screening metrics.
a, Scaling behaviour of VFVS using QuickVina 2 as the docking program. Tests with up

to 30,000 cores on two local computer clusters (LC1, LC2) and up to 160,000 CPUs on

the Google Cloud Platform were carried out. The measured speedup is linear. DOVIS 2.0,
an alternative software for virtual screenings on Linux computer clusters using AutoDock,
was shown to exhibit near-linear scaling only up to 256 cores as previously reported?. b, The
computational time required (in days) for VFVS to complete virtual screens of different
sizes, as a function of the number of CPUs being used in parallel. Each curve corresponds
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to a different size input ligand library, and the average computation time per ligand was
assumed to be 5 seconds per ligand. ¢, Docking time of an average-sized ligand on a
modern Intel CPU (using only a single core) as a function of the exhaustiveness parameter
for different docking programs supported by VFVS. The bar plot in the inset shows the
slope of the curves, which corresponds to the docking time per exhaustiveness unit. The
test ligand which was used for this purpose is given by the SMILES code CN1CCN(S(=0)
(FO)N2CCN(C(=0O)CCCNC(=0)C3CC3)CC2)CC1. More detailed benchmarks can be
found in publications related to these docking programs?7.18:19.20,21,22,5

a FP assay b BLI assay
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Extended Data Fig. 4: Binding of the NRF2 peptide to KEAP1 as assayed by FP (a) and BLI (b).

a, For the FP assay a TAMRA-tagged NRF2 peptide and for the BLI assay a Biotin-tagged
NRF2 peptide were used. The FP assay was performed with three technical replicates per
point. The mean and standard deviation are shown for each titration point, along with the

fitted curve. Two independent experiments (n=2) were performed, each with similar results
and one representative result is shown here. b, For the BLI assay a biotin-tagged NRF2
peptide was used. The BLI experiment was repeated independently twice (n=2) with similar
results and one representative result is shown here.
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Extended Data Fig. 5: Comparison of iKeapl with a previously identified displacer C17.
a, Crystal structure (PDB ID: 5FNQ?) of KEAP1 with its ligand removed, the structure

used for the primary virtual screening procedure. b, Crystal structure of KEAP1 (PDB code
41QK) with ligand C17 (Supplementary Table 1), which is also shown in panel d. c, iKeap1,
the best binder as accessed by array of experimental validations, is similar to compound C17
previously identified by experimental methods (d). Though iKeapl and C17 look similar
they differ in a number of aspects in their core scaffold (therefore analogues of the two
compounds cover distinct chemical spaces, assuming the analogues retain the core scaffold
of the parent compound). This similarity, as well as the fact that the predicted docking
positions (Fig. 3a) of both ligands (b) are nearly identical, is an additional evidence that
iKeapl is binding at the predicted site.
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Extended Data Fig. 6: Overview of binding assaysto deter mine the activity of the hitsidentified
by Virtual Flow.

The binding experiments can be broadly classified into two categories i) assays that directly
detect binding of the compounds to KEAP1 (SPR, NMR), and ii) assays that detect the
displacement of the NRF2-peptide from KEAP1 (FP, BLI). Compounds in SPR Level-2
were classified as active if they exhibited dose-dependent activity (measured over a range of
five concentrations) and had an RU value greater than 4 at a compound concentration of 20
M.
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Extended Data Fig. 7: Binder versusdisplacer.
Here we highlight two new scaffolds, iKeap8 and iKeap9, to illustrate the difference

between binders and displacers. SPR confirms that both iKeap8 and iKeap9 bind KEAP1
(aand b) with similar Ky values. Shown are representative results from the SPR assay
for iKeap8 and iKeap9. For each compound, three independent SPR experiments were
performed, each with similar results and one representative result is shown here. Ligand-
detected NMR experiments shows that both iKeap8 and iKeap9 bind to KEAP1 (c and
d). However, FP (eand f) and BLI (g and h) assays show that iKeap8 is able to displace
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the NRF2 peptide while iKeap9 is not able to effectively displace the NRF2 peptide. The
fluorescence polarization (FP) assay was performed with three technical replicates per
concentration measured. The mean and standard deviation are shown for each titration point,

along with the fitted curve.
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Extended Data Fig. 8: Displacersvalidated by FP versusBLI.
Here we take the opportunity to present two more displacers, iKeap7 and iKeap22, both of

which were confirmed as binders by SPR (top panels). Ligand-detected NMR experiments
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shows that both iKeap7 and iKeap22 bind to KEAP1 (c and d). iKeap?7 is confirmed to be

a displacer of the NRF2 peptide by both FP (bottom left panel) and BLI (not shown). Since
the FP experiments on iKeap22 were affected by autofluorescence, BLI (bottom right panel)
was needed to confirm that this compounds is a displacer. The FP assay was performed with
three technical replicates per concentration measured. The mean and standard deviation are
shown for each titration point, along with the fitted curve. Two independent BLI experiment
were performed with similar results and one representative result shown here.
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(cross section)
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>

Central tunnel
(end-to-end)

Extended Data Fig. 9: NRF2 peptide and ligand binding sites, rationale for binder versus
displacer.
Here we show the docking pose of one of the hit compounds (iKeap9, green ball-and-stick

representation) bound to KEAP1, together with the NRF2 peptide (PDB ID: 4IFL; peptide
in violet). iKeap9 is a tight binder (180 nM by steady-state SPR) but cannot displace
NRF2. The left figure shows the top view, while the right figure shows the side view

of the cross-section of KEAP1 along the central plane. The violet box in right figure
indicates the docking region (where the ligands were allowed to bind) which was used in
the virtual screening. The site of interest includes a part of the deep pocket/tunnel of the
B-barrel-shaped KEAP1, since it can allow ligands to bind more tightly by insertion into
the channel than on a shallow surface. However, the deep tunnel is largely non-overlapping
with the peptide binding site (which binds to the entrance site of the tunnel). Thus, binding
molecules might only partially interfere with the peptide binding, which might reduce or
eliminate the ability of small molecule binders to displace the peptide. The ability of a small
molecule to displace the peptide is hard to predict, and was not attempted in this study. In
some cases, small molecules can also act as molecular glues and strengthen the interaction
between NRF2 and KEAPL.
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Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1: Application of VirtualFlow to the drug discovery process.
Before the screening can begin, the target structure, which is generally obtained from X-ray,

NMR, cryo-EM, or homology modelling studies, needs to be prepared. The preparation
step can include molecular dynamics (MD) simulations to obtain one or more relevant
conformations of the target protein. Once the structure is prepared, it can be used to identify
novel hit compounds by virtual screening-based approaches. The two independent modules
of VirtualFlow, VFLP (VirtualFlow for Ligand Preparation) and VFVS (VirtualFlow for
Virtual Screening), are designed to aid virtual screening-based needs. VFLP prepares

(blue arrow) the desired chemical space into ready-to-dock ligand libraries, which can
subsequently be used by VFVS during the virtual screen. The virtual screen consists
normally of a primary virtual screening (stage-1), but can also be implemented in a multi-
stage setting (violet arrows), which can include protein-side chain flexibility or inclusion

of multiple protein conformations (e.g., from the MD simulations or NMR structures). In
addition, complimentary software packages can be leveraged during multi-staged screening
(for example to carry out quantum mechanics (QM)-based free energy simulations as a final
step) to improve the true hit rate and estimated binding affinities. After the virtual screening
procedure, experimental verification can be carried out to identify true binders. Promising
binders (lead compounds) can be further optimized by creating custom analogue libraries
and screening them again with VirtualFlow (golden arrows), followed again by experimental
verification of the hits.
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Figure 2: Schematic overview of the multi stage screen and benefits of ultra-large scale screens.
a, In stage-1, ~1.3 billion compounds were screened with the fast docking program

QuickVina 2 at the lowest accuracy level. In stage-2, 13 residues of the receptor were
allowed to be flexible and the top ~3 million scoring compounds were rescored with higher
accuracy using AutoDock Vina and Smina Vinardo. b, Violin plots of the docking scores

of the top 50 molecules from virtual screens targeting KEAP1 with different starting library
sizes (0.1, 1, 10, 100, 1000 million ligands). In order to mimic virtual screens of smaller
sizes we randomly chose a subset of the ligands from the ~1 billion compound screen of the
REAL library and considered the scores of the top 50 compounds. The docking score is an
estimation of the free energy of binding (in kcal/mol), and therefore the more negative the
value the tighter the binding of the hit to the target. The given distributions show that the
docking score of the top 50 compounds improves with the scale of the screen. The procedure
was repeated independently five times with similar results.
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Figure 3: Docking poses (a-b) and experimental verification (c-h) of two hit compounds (iKeapl

and iKeap2).

The docking poses (a and b) were obtained from stage-2 of the virtual screening. SPR
steady-state binding curves are shown for iKeapl (c) and iKeap2 (d), showing clear binding
with nanomolar Kj. We show one representative data from three independent experiments
(n=3) with similar results. Ligand-detected NMR experiments,CPMG-R2 and STD-NMR (e
and f) confirm the binding of the two compounds. The two hits were also functional in the
FP assay (g and h) confirming that the compounds displace the peptide. The FP data shown
here is from three technical replicates and the curve was fitted to the average value of the
three the technical replicates. The mean and the standard deviation for the individual data

points are shown. The FP was repeated independently twice with similar results and one

representative result is shown here.
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