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Drug-target residence times can impact drug efcacy and saéty, and are therefore
increasingly being considered during lead optimization.d¥ this purpose, computational
methods to predict residence times, , for drug-like compounds and to derive
structure-kinetic relationships are desirable. A challege for approaches based on
molecular dynamics (MD) simulation is the fact that drug rédence times are typically
orders of magnitude longer than computationally feasibleisulation times. Therefore,
enhanced sampling methods are required. We recently repoetl one such approach: the

RAMD procedure for estimating relative residence times byeyforming a large number
of random acceleration MD (RAMD) simulations in which ligdndissociation occurs in
times of about a nanosecond due to the application of an addibnal randomly oriented
force to the ligand. The length of the RAMD simulations is usketo deduce . The
RAMD simulations also provide information on ligand egregsathways and dissociation
mechanisms. Here, we describe a machine learning approactotsystematically analyze
protein-ligand binding contacts in the RAMD trajectoriesni order to derive regression
models for estimating and to decipher the molecular features leading to longer
values. We demonstrate that the regression models built orhe protein-ligand interaction
ngerprints of the dissociation trajectories result in robst estimates of for a set of
94 drug-like inhibitors of heat shock protein 90 (HSP90), en for the compounds for
which the length of the RAMD trajectories does not provide a god estimation of
Thus, we nd that machine learning helps to overcome inaccuacies in the modeling
of protein-ligand complexes due to incomplete sampling ordrce eld de ciencies.
Moreover, the approach facilitates the identi cation of fatures important for residence
time. In particular, we observed that interactions of thedand with the sidechain of F138,
which is located on the border between the ATP binding pocketand a hydrophobic
transient sub-pocket, play a key role in slowing compound disociation. We expect that
the combination of the RAMD simulation procedure with machine learning analysisiilv
be generally applicable as an aid to target-based lead optimation.

Keywords: drug-protein residence time, machine learning, dr ug-target binding kinetics, structure-kinetic
relationships (SKRs), heat shock protein 90 (HSP90), molecu  lar dynamics simulation, tauRAMD
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INTRODUCTION potential of the system is rescaled during simulations. Aot
approach, recently developed in our group, is thRAMD
The binding anity of small compounds to their target is method (Kokh et al., 2018 which employs multiple short
commonly used as a selection criterion in drug design pipsline random acceleration MD, RAMD, simulations to generate ligand
both for the early screening of chemical libraries and foe th dissociation trajectories. Relative drug-protein residetimes
subsequent lead optimization. Recent studies have, howevgfe estimated from the times required for the ligand to leave
shown that drug e cacy often correlates better with the isnce  the binding pocket in simulations started from the structsiref
time than with the binding anity of drugs (Copeland et al., protein-ligand complexes. In RAMDL(idemann et al., 2000
2006; Schuetz et al., 2Q1These observations suggest that thean additional randomly oriented force is applied to the ligand'
optimization of the kinetic properties of drug candidates at ancenter of mass and its direction is altered during the sirtiates,
early stage of the drug design process would be advantageous.depending on the motion of the ligand. RAMD was originally
The computation of drug-target binding kinetics by using developed to explore ligand egress routes from protein binding
MD simulations is more challenging than the computation of sjtes [see e.g.\inn et al., 2002; Schleinkofer et al., 2JJ05
binding a nity ( Romanowska et al., 20L5A major problem  where simulated trajectories were employed to explore ligand
in USing conventional MD simulations for Computing blndlng unbinding pathways and mechanisms. In tHRAMD procedure’
kinetic parameters is the need to sample the intermediatghany trajectories are generated (usually more than 40 fohea
transition states between the bound and unbound StateSChNhi Compound) and each trajectory contains hundreds of thousand
is not required for the calculation of binding anity. This of snapshots that may contain important information for the
poses tremendous challenges for brute-force conventional MRyand unbinding rate. The value of extracting moleculattees
sampling, whose application is so far limited to computation offrom MD simulations as ngerprints for building machine
the binding kinetics of small molecules to small proteing.e. |earning (ML) models to predict molecular properties has been
benzamidine to trypsin, which still reqUireS extensive isdtond demonstrated in Re_Riniker, 2017 Here, we exp]ore whether
simulations Qror et al., 2011; Wu et al., 20)L&Reconstruction  ngerprint-based ML techniques can aid the detection of featu
of a single dissociation event for a pharmacologically eV jmportant for drug-target residence time in RAMD trajectosie
compound, which typically occurs on the time-scale of minutesand, furthermore, improve the robustness of the estimated
or hours, is currently not feasible from conventional MD residence times.
simulations. To overcome this limitation, a range of enheahc ML has been applied for drug-targetprediction in several
sampling techniques has been explored recerffiu¢e et al., studies.Qu et al. (2016Yerived quantitative structure-kinetics
2019. Some of them are aimed at the reduction of therelationships (QSKRs) for a set of HIV-1 protease inhibitors by
con gurational space to be sampled for the computation ofusing Volsurf descriptorsChiu and Xie (2016went beyond a
binding kinetic rates, e.g., metadynamic8wary et al., 2015, static model by accounting for exibility with a coarse-grad
2017, weighted ensemble method®itkson and Lotz, 2016; normal mode analysis to classify HIV-1 protease inhibitors
Dixon et al., 201 or milestoning (ang and Chang, 20)}7 in binding kinetics classes using a multi-target ML approach.
[a detailed review can be found e|SeWheMOUica et al., Comparative B|nd|ng Energy (COMB|NE) ana|ys(§r(iz et a|.’
2016; Dickson et al., 20)]7 Although these methods are 1995: Perez et al., 199t which PLS (Partial Linear Regression
designed for the prediction of the absolute values of bindingrojection to Latent Structures) is used to reweight compdsien
and unbinding rates within a reasonable computation timeof the bound protein-ligand interaction energies to predict
they are still very computationally demanding and requirgthi  pinding properties, has recently been applied to datasets of
user expertise, which impedes the implementation of thesgisP90 and HIV-1 protease inhibitor&@notra and Wade, 20).8
methods in drug design pipelines. Furthermore, in addition toand was found to give models with good predictive ability for
the limitations arising from the selection of the sub-spac®eé  residence time. It should be noted that the COMBINE analysis
sampled, intrinsic limitations of the underlying physical 0@  method was originally developed for the prediction of binding
of molecular interactions, such as the force eld and the wateg nity for congeneric series of compounds. While compounds
model, may a ect the accuracy of the computed rates. with a common scaold are required for good prediction of
While absolute values are dicult to attain, it has been the equilibrium dissociation constant, & a good prediction
demonstrated recently that the relative values of unbigdin of the o -rate could be obtained for a dataset of diverse
rates for a series of ligands of a particular target are morgompounds from analysis of the bound protein-ligand complexes
robust to these IimitationSMarqueS et aI., 2019'“ line with (Gano‘[ra and Wade, zol&uggestmg that di erences in the
this nding, computationally e cient approaches that provide ynbound state are less important for o -rate than for binding
estimates of the relative residence times for a set of com@®ung nity. Huang et al. (2019pplied PLS analysis to interaction-
have been reported. Instead of deriving the residence timm fr energy ngerprints extracted from Snapshots of steered MD
the energetic pro le of dissociation paths, these techniqullesv  |igand dissociation trajectories to obtain a predictive rabd
estimation of relative values from the times required for ligand for residence time for a set of HIV-1 protease inhibitors and
egress during enhanced sampling simulations. The resideng¢gund that important interactions for determining were in
times obtained can then be scaled for direct comparison witlthe rst half of the dissociation processes. This is consistent
experimental data. One example of this approach is scaleglith a previous steered MD study of HIV-1 protease inhibitor
MD (Mollica et al., 2015; Schuetz et al., 2Q1#awhich the  dissociation in which the strength of the ligand-protein Ingden
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FIGURE 1 | Structural and binding kinetic properties of the dataset 084 N-HSP90 inhibitors.(A,B) Two conformations of the ATP binding site in N-HSP90 with a
bound ligand shown in stick representation with coloring byatom type; a-helix3 (highlighted in red) can be distorted in the middlddop-type conformation (A),
compound 5 PDB ID 5J2X) or complete (helix-type conformatio(B), compound 13, PDB ID 5J9X) fmaral et al., 2017; the molecular surface of the binding pocket
colored by the Coulomb potential is shown in insets for both onformations: the ATP binding site has predominantly negate charge (red), whereas the transient
sub-pocket under a-helix3 is mostly hydrophobic.(C) Protein-ligand contacts for helix-binding compounds arellustrated for compound 13, (PDB ID 5J9X): the
ligand-protein binding network consisting of D93, T184, ad three water molecules (red spheres) is common to all compawls; compounds bound to the
helix-conformation of the binding site also interact with £38 and may interact with residues in the hydrophobic pocketsuch as W162 and Y139.(D) 2D
representation showing the four main groups of compounds dicussed in the text. (E) Similarity matrix of the 90 N-HSP90 inhibitors generated uisg Maestro
[(Schrodinger, 2019); see text].(F) Distribution of the experimental binding rate constants athe entire set of compounds. The three largest groups of compunds are
colored as denoted in the legend: “Ind. exposed”—indazole-hsed compounds with different R fragments, “Ind. buried"—indazole compounds with differenR,
fragments, compounds with resorcinol and quinazoline scéblds, as well as bulky compounds with a tricyclic fragment ad different ATP-pocket binding core.(G)
Distribution of residence times of the helix-binding and fmp-binding compounds.

bond network of the bound state was found to be crucialof the variation in residence time within a congeneric serie
for the dissociation procesd.i(et al., 201), as well as with of compounds.
the above-mentioned models based solely on analysis of the Here, we have performed RAMD simulations for an
bound state. additional 25 HSP90 inhibitors, whose binding kinetics were
In the present study, we use our previously publishBAMD  recently reported$chuetz et al., 2013We have then combined
simulation results for a data set of 70 inhibitors of the canc these simulations with our previous simulationsokh et al.,
target HSP90 for which o -rates were measured by surfac2019, and applied ML approaches to the combined dataset of
plasmon resonance (SPRAraral et al., 2017; Kokh et al., simulated trajectories for 94 HSP9O0 inhibitors.
2019. These compounds bind in the ATP binding site of the N-HSP90 is a challenging target for the prediction of binding
N-terminal domain of human HSP90 (N-HSP&0residues 9- Kkinetics, as it has a exible ATP binding site lined by the waide
236; NP_005339). TheRAMD procedure gave predictions of a-helix3 that can adopt either “helical” or “loop” conformatis
relative residence times with an accuracy of about Z&  (seeFigures 1A,B, depending on the ligand bound. The “helical”
78% of the compounds and2.0 within congeneric series. It conformation contains an additional hydrophobic sub-pocket
was found that the computed residence times were sensitive amjacent to the ATP binding site, which provides space for
the quality of the underlying MD simulations of the protein- substitutions on "helix-binders' (fragmenpRsed~igures 1C,D,
ligand complexes. For some compounds, de ciencies in thahile this fragment is absent in the compounds bound to
force eld or inaccuracies in the docking pose led to notablehe “loop” conformation (‘loop-binders'). It has been redgnt
underestimation of the residence time, although within aeseof =~ demonstrated that the binding kinetics of resorcinol intdrs
compounds with the same binding sca old and small fragmentof HSP9O0 is related to the protein binding site conformation i
substitutions, the ranking of the residence time was wellthe bound complex, and that thesRubstitution can e ectively
reproduced. The latter result suggests that the inaccuréitlyeo  stabilizea-helix3 and result in lower binding and unbinding
simulations of the bound state may be overcome RAMD rates for ligands with such fragmentérfaral et al., 2017 In
simulations if the transition state is the main determinantparticular, ligands with large Rsubstitutions, such as tricyclic
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FIGURE 2 | Work ow incorporating the simulation protocol for RAMD simulations and the ML analysis. TheRAMD simulations provide (i) computed relative
residence times, and (ii) trajectories that are used for afysis of protein-ligand contacts and building a ML regressin model for prediction of residence times and
determining the factors governing residence time (see seicin Methods and Materials); data sets generated and elemestof simulation work ow are highlighted by
blue and gray background, respectively.

compounds Figure 1D), generally have the slowest binding andand di erent exposed R fragments, and (ii) indazole-buried:
unbinding kinetics Figure 1F. 17 compounds with an exposed 4-(4-morpholinyl) phenyl R
The set of 94 compounds considered in the presenfragment and di erent buried R fragments (sed-igure 1D).
study contains molecules with 11 dierent scaolds: The rest of the compounds is quite diverse, as can be seen
resorcinol (28), hydroxyindazole (47), benzamide (3)from the 2D similarity plot generated using Maestro software
aminoquinazoline (8), aminopyrrolopyrimidine (2), 7- (Schrédinger, 200)9by hierarchical clustering of compounds
azaindole (2), aminothienopyridine (1), imidazopyridine based on their 2D ngerprint similarity inFigure 1E There
(1), 6-hydroxyindole (1), and adenine (1) (with the numbédr o are both loop- and helix-binders of di erent sca olds, though
compounds given in brackets; se®upplementary Tables 1 the sub-set of loop-binders is much smaller (only 13) than
and 2; SMILES of all studied compounds are given inthe helix-binders.
Supplementary Table 3 The scaold occupies the ATP The experimental binding kinetics data for the full compound
binding pocket and binds to D93 as illustrated Figure 1C set (Amaral et al., 2017; Kokh et al., 2018; Schuetz et al., 2018b
for an indazole-based compound. The three most populatedre plotted inFigure 1F Both o-rates (k, D 1/ ) and on
scaolds are shown inFigure 1D, along with an example of rates (n) vary by several orders of magnitude and there is
compounds with dierent binding scaolds but a common no clear correlation between them, indicating that both the
tricyclic group, which will be discussed below. Further, theheight of the transition barrier and the free energy of theubd
resorcinol compounds with triazole and 2-methylbenzyl soly ~ state vary across the compound set. Notably, the helix-bgde
exposed groups and dierent buried fragments, illustratedgenerally have longer residence times than the loop-binding
in Figure 1D, build a sub-group of 8 compounds. Following compounds Figure 1G).
Schuetz et al. (2018bgne can also distinguish two sub-groups  Here, we built ML models based on th®AMD dissociation
of indazole compounds: (i) indazole-exposed: 24 compoundsajectories for this data set aimed at: (i) investigatinigether
with a 3-methylbenzyl Rmoiety in the hydrophobic sub-pocket residence time can be deduced from the protein-ligand cdntac

Frontiers in Molecular Biosciences | www.frontiersin.org 4 May 2019 | Volume 6 | Article 36


https://www.frontiersin.org/journals/molecular-biosciences
https://www.frontiersin.org
https://www.frontiersin.org/journals/molecular-biosciences#articles

Kokh et al. Determinants of Drug-Target Residence Time

9 Interaction Fingerprints .9 The bound-state part of each I@ Features are averaged QFeatures are averaged,@ Highly correlated or rarely
Extracted from each TRAMD!  trajectory discarded 1 over all snapshots ]
mean :
1
1

over all trajectories | appearing features removed
trajectory

_ WS -

mean

Features: IF
APO22F APO261 APOS5IN HBSIN

0 1 0 1 !
Features: IF |

APO22F  APO26l APOS5IN  HBS5IN
0.15 0.85 0.01 0.72

S
« ¥ Interaction
“§.%_ Fingerprint

Procedure appliedto each_compound

]

1
1

1

1

1

|

1

1

1

1

1

1

1

i

1

22F 0000000 ]
261 1000100 :
1

1

|

1

1

1

1

1

1

!
i

51N 1100100

Compounds
BRBAIRBABEERBRBVHS o

94 compounds
311 Features

Data-Set A: 2 061340 snapshot
311 Features

S| 5819 trajectories 311

S Features
'S

94 compounds
Data-Set A: 47 Features

58109 trajectories
311 Features

1
|
|
1
1
1
1
1
1
1
|

-
|
1
1
|

FIGURE 3 | Work ow illustrating the generation of features from simuked RAMD trajectories: (1) Extraction of interaction ngerpris as features for ML; (2)
Discarding of the bound state part of the trajectory (highghted in pink). The discarded part of the trajectory depend®n the threshold used, resulting in data-sets A,
B, and C (see text for details); (3) Averaging of the feature@wer all snapshots in each trajectory; (4) Averaging of thedtures over all trajectories for each compound;
(5) Removal of features that appear rarely or are strongly oelated with other features. The size of each set of data atezh stage of the work ow is indicated in red.

occurrence in RAMD ligand dissociation trajectories, in (2018]was eliminated from the dataset because its complex with
particular for the cases where the relative residence time@$-HSP90 was structurally unstable during MD equilibratioor F
derived from the lengths ofRAMD trajectories are consistently two compounds with a nities and long residence times beyond
underestimated; and (ii) identifying molecular propertigsat the measurement range (PDB ID 2VCI and 5NYI, compoufds

a ect ligand residence time and that can be used to guide thand 4, seeSupplementary Tables 12), we used the lower limit

design of ligands with altered binding kinetics. valuesof kK D10 s Tand Kp D 10 ®M 1. Additionally, we
studied 25 compounds frorschuetz et al. (2018b$ince there
METHODS AND MATERIALS are no crystal structures of protein-ligand complexes alkla

for these 25 compounds yet, the ligands were modeled in the N-
An overview of the simulation work ow is given iffigure 2~ HSP90 binding site using{OE., 201 on the basis of similarity
For each compound, theRAMD procedure was performed, t0 available crystal structures for similar compounds: PDB |
which consists of the preparation of the solvated proteindija SOCI and 6EFU for the indazole compounds, and PDB 1D 5J86
complex, the equilibration of the system using multiple repica for the resorcinol compounds.
of standard MD simulation, and then the simulation of multiple
RAMD ligand dissociation trajectories. TheRAMD relative MD and RAMD Simulations
residence times are obtained using the protocol reporteddish  The RAMD protocol as described bifokh et al. (2018was
et al. (2018)In the second part of the work ow, the protein- followed. Here, we outline this protocol brie y for completesse
ligand contacts (referred to hereafter as interaction ngénts,  First, the starting structure of each protein-ligand compleas
IFs) are extracted fromRAMD dissociation trajectories. Then, protonated at pH 7. The ligand was protonated using MOE
for all compounds, the IFs are transformed into a set of feedur (M OE., 201y and the protein was protonated using PDB2PQR
for the ML analysis, which includes the clustering of thetida (Unni et al., 201). The atomic partial charges of the ligands
dissociation properties and the building of regression mottels \vere assigned using the RESP approaghyly et al., 1993
residence time based on available experimental bindingtiki®e ith the molecular electrostatic potential computed usialgy
data (see the next section). The work ow is described inifita jnitio quantum mechanical calculations performed at the HF

the following sections. level with a 6-31G(1d) basis set using the Gamess software
. . (Gordon and Schmidt, 2005 The protonated protein-ligand

Kinetic and Structural Data for the Dataset complex was solvated in a periodic box of TIP3P water molecules

of HSP90 Inhibitors and N& and Cl ions at an ionic strength of about 150 mM.

We employed 69 of the 70 compounds with structural and kineticCrystallographic water molecules were retained. The systas
data in Kokh et al. (2018)One compound 70 in Kokh et al. energy minimized, gradually heated and shortly equilibcat
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FIGURE 4 | Results of RAMD simulations.(A) Scaled RAMD residence times plotted vs. measured log (1/) values on a logarithmic scale for the complete set of
compounds. The RAMD residence times are scaled according to the linear ttig (log( ramp) D 0.39*log(1/kys) 0.52) of all compounds except for the 13 outliers
identi ed in Kokh et al. (2018)(shown with background yellow circles). Two groups of indaales (with different exposed R and buried R, fragments, seeFigure 1D ),
resorcinol and quinazoline compounds, as well as compoundsvith a tricyclic fragment, are colored as denoted in the leged; other compounds are shown in gray.
The black line shows the one-to-one correspondence of the conputed and experimental data and the interval within 1.5-fid of the mean of the residuals (0.9 log([s]))
is shown by the gray area. The distributions of measured andRAMD computed residence times are shown along the X and Y axesespectively.(B) Linear tting with
95% con dence interval for several sub-groups of compounds lighlighted in(A): indazole exposed, indazole buried, and resorcinol coloas in (A). (C) Histogram
showing the distribution of the mean absolute error, MAE, of RAMD residence times relative to measured values; the longit arises from the outliers.

with gradually decreasing restraints on all non-hydrogesness ~ Feature Generation
of the protein, ligand, and crystallographic water molecule§he feature generation procedure is illustrated-igure 3. First,
using the AMBER molecular dynamics simulation softwarea set of interaction ngerprints (IF) was obtained from the
(Case et al., 20).6Simulations were run under NPT conditions RAMD dissociation trajectories (40-100 trajectories foctea
(Langevin thermostat and barostat). Then the coordinatés ccompound) using the following protocol: (i) the position of
the preliminary equilibrated binding complex were transfefre the center of mass of the ligand and the coordinates of the
to the NAMD program @hillips et al., 2006and used as the protein and the ligand atoms were extracted from each trajgct
input for heating and equilibrating the system. The coordes® frame and stored using a tcl script for the VMD program
and velocities obtained after 30—40 ns of equilibration wesed  (Humphrey et al., 1994 snapshots illustrating egress routes and
to initiate simulations of ligand dissociation using the RR  residues contacting the ligand during dissociation areafized
method with a randomly oriented force on the ligand with in Supplementary Figure J; (ii) the coordinates extracted in (i)
a constant magnitude of 14 kcalmdA 1. Every 100 fs, the were used to generate interaction ngerprints for each frame
orientation of the force was randomly re-initialized if tlhenter  using an OpenEye's OEChem ToolkibiienEye., 20)&s 7-bit
of mass of the ligand had moved0.025A. The simulations were strings encoding hydrophobic, aromatic face-to-face angeed
stopped when the center of mass of the ligand had moved 30 #-face, H-bond donor/acceptor and cationic/anionic irdetion
from the original bound position. types Marcou and Rognan, 2007; Mysinger et al., 20Then

At least four MD equilibration replicas were prepared andthe interaction ngerprints were grouped into four categaief
from each replica 10-20 RAMD dissociation trajectories wergrotein-ligand contacts: hydrogen-bond (HB), aromatic (ARO
generated. The relative residence time was de ned as thenic (IP), and apolar (APO) interactions, and each category wa
time when a dissociation event was observed in 50% of thessigned a value of 1 or 0 according to whether the contact type
trajectories. It was computed for each starting replica andvas, respectively, present or not; (iii) nally, the boundistpart
then averaged over all replicas simulated. Su cient samplimg t of the trajectory was removed and only the part of the trajecto
compute residence time was ensured by increasing the numbeovering the transition of the ligand from the bound to the
of equilibration replicas and/or the number of dissociationunbound state was used for further analysis (step Bigure 3).
trajectories if necessary as discussegdaih (2018) Since the threshold for the separation between the bound- and
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FIGURE 5 | Result of clustering analysis based on the IFs of the ligandstiociation trajectories.(A,B) Clustering of the complete data set of 94 compounds:(A) mean
and standard deviation of log residence times in each clusteobtained in 50 clustering runs;(B) weights of IFs for each cluster. HB, ION, ARO, and APO mean
hydrogen bond (donor or acceptor), ionic, aromatic, and aplar interactions, respectively(C,E) Position of indazole compound bound to the helix-type confomation
of the binding pocket (PDB ID:5LNZ), andC) of resorcinol compound bound to the loop-type conformation(PDB ID: 5J2X)E); residues that contribute to the
protein-ligand contacts along the ligand dissociation trgectories are shown in stick representation and colored by mtein region consistently with(B). (D) Clustering of
the resorcinol loop-binders (see compound list irSupplementary Table 2 ) showing mean and standard deviation of the log residencertie in each cluster (above)
and cluster composition (below).

transition parts can be de ned arbitrarily, we explored threeelimination of the noise in the data set. In particular, singe
possible threshold de nitions (these will be referred to agad did not expect that a very rare contact would a ect dissociation
sets, A, B and C, hereafter): (A) when two IF observed in theate, we excluded features that were found in fewer than 5¥%eof
bound state (i.e., in the rst frame of a trajectory) are last (B)  frames for any compound. This reduced the number of features
when 20%, or (C) when 60% of the bound-state contacts are logi 68/69/75 for the complete A/B/C data-sets, respectively. Then
(the size of each data set is giverSiapplementary Table 3 we performed preliminary correlation analysis and removed one
Although the sequence of interaction events may beaof the features from each pair that had a correlatioh>R 0.9,
important information about the ligand dissociation mechism, thus further reducing the number of features to 47/48/57 tfoe
preliminary tests showed that the RAMD trajectories genetatedata-sets A/B/C, respectively (seapplementary Table R
did not permit us to build a reliable time-dependent model, To explore the inuence of molecular properties on the
probably due to having insu cient number of snapshots alongresidence time, we additionally generated a set of molecula
the ligand dissociation trajectories as the articial ramd features, MFs, for all compounds using MOEIQE., 201}.
force accelerated dissociation. Therefore, we elimindte@ The MFs include the number of bonds of di erent types, the
dependence in our data by computing the occurrence of eachumber of atoms with hydrogen-bond properties, the number of
type of contact in each trajectory and averaging them over alieavy atoms, and the solvation energy (the complete lisvengi
trajectories for a particular compound (steps 3 and &igure 3.  in Supplementary Table 2 For testing the importance of these
This provided us with a matrix of 94 labels (compounds) x 31Imolecular features, they were either added to the IFs of-deta
features ( ngerprints). This matrix was further reduced byt A or used as a separate feature set.
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FIGURE 6 | Clustering of indazole compounds:(A) weights of IFs for each cluster (coloring scheme and labels aa Figure 4); (B) mean and standard deviation of log
residence times of compounds in each cluster{C) population of selected molecular fragments in each clustefsee Supplementary Figure 6 for naming convention);
the structures of two compounds discussed in the text are shavn below (fragment substitutions are highlighted in bluefD) Position of indazole compound37 in the
binding pocket, the main contact residues are shown in stick and colored as in(A).

Machine Learning Protocol from the subset of indazole compounds (compound sca olds
The scikit-learn Python libraryHedregosa et al., 2Qas used are given inSupplementary Table 2 The rest of the test set
for all machine learning (ML) procedures. was selected randomly from the remaining compounds. The

purpose of this selection was two-fold: (1) to test the predicti

accuracy for compounds that were considered as outliers in
RAMD simulations; and (2) to avoid over-representation

of the indazole compounds in the training set, since they

constitute almost 50% of all compounds in the data set.

(i) Selection of hyperparameters for the two regression

Regression Analysis
The data sets were normalized by transforming each feature
vector to the interval [0:1]. The ML models were trained
and tested against measured loggl)kvalues. Two regression
models (RM), one linear—Ridge Linear Regression with L models, LR and SVR (this block is zoomed in in
regularization terms (LR)—and one non-linear—Support Vector Suppler’nentary Figure2 The internal training set was
Regression (_SVR)—were_ fOL_md to be more balanced and Slightlyused for the selection of hyperparameters. The following
more stable in cross-validation than the other meth_odsddst . parameters were optimized: coe cient of the regularization
(Partial Least Squares, Random Forest and Gaussian Bgostin (... ¢ the LR model; kernel coe cient (the RBF kernel
Regression). Additionally, a dummy regression model wita th was used), parameter of the loss function, and coe cient
mean value of the training set as a null-hypothesis (refetoeas of the error term for the SVR model. We employed
Dummy Regressor hereatter) was used asacontrpl. exhaustive grid-search with  10-fold cross-validation
The modeling work ow consisted of the following steps (as (using random permutation splitting with a validation

illustrated inSupplementary Figure 2 test set size of 20%). The results of the optimization

(i) Split the data set into a training (internal) set and an procedure are given irsupplementary Dataand illustrated
external test set For the test set, we selected 20% of in Supplementary Figures 3, 4
compounds from the data set while ensuring that the test sefii) Training and testing of the models. After the
contained 2 randomly selected compounds from the outlier hyperparameters were selected, 10 cross-validation runs
subset of 8 quinazolines (compoun88—65 and six other were performed on the internal training set. In each round,
compounds 11, 17, 30, 66, 67, 69) as dened in Kokh two regression models, LR and SVR, were trained on a sub-set
et al. (2018)these compounds are highlighted in yellow in  of the internal training set and then the mean absolute error
Supplementary Table 2 and 20% (i.e., at least 9 compounds) MAE, and the @, metric, reported as the most reliable
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FIGURE 7 | Representative examples of computed vs. experimental redénce times obtained for data-sets.(A) A and (B) C using linear (LR) and non-linear (SVR) ML
models as well as from the RAMD residence time estimation procedure. Black/blue and i points belong to the training/validation and external tessets, respectively.

metric for the evaluation of the regression modéls{eschini  all compounds and for the sub-set of indazole-based compounds
et al., 201)3 were computed for the training and validation only. The feature set was normalized by transforming to the
sub-sets (generated using random permutation splitting withinterval [0:1], as for the regression models. For the sdéddin
a validation sub-set size of 20%), as well as for the extern@MM function, we used an option where each component has
test set (all for the residence time on aegcale; for more its own multivariate covariance matrix. To estimate the oyl
details, seeSupplementary Information). Additionally, the number of clusters, we used the Akaike information criter{eee
same data sub-sets were used to evaluate the Dummy mod&lpplementary Information for details). Following a scan of
and the RAMD simulations. cluster size, 6 clusters were chosen on the basis of mininosm |
Then new internal training/external test set combinationsOf information for the_complete data set of 94 compounds (A)
..... nd 4 clusters for the indazole sub-set of the data set A (Is€el (
All MAE and Q§3 values obtained in these calculations were upplementary Figures 54, For each dataset, 50 independent

stored. Altogether, we performed 200 computation roundsIrepealts of clustering were perf_o rmed._Foreach clustel_nn_gdpun
- “the clusters were ordered by increasing average residénee t

e?:he;N';?at?st?éser?;esﬂgtgf rgﬁ:g'ngf ?ﬂs :\(/IeitEsiltiz,tritSutgiJg:;Of the inhibitors belonging to each cluster, and the weighits o
prop ) 9 all features in each cluster were stored. Finally, for eathsit,

obtained for each ML method were compared with those for thefhe mean cluster residence time, over the 50 clusterings was

Dummy model for control; histograms of MAE andZQ were . .
. - L ; computed for each of the clusters (from their average resieenc
compared with the corresponding distributions obtained from_. : .
times), with the rst having the shortest,

the RAMD protocol. The complete procedure for 100 rounds .
. . Further, for the indazole subset (Ind), we explored how
takes about 1.5h on a laptop with an Intel Core i5-5200U, 2.2 -
some selected structural properties of the compounds are

GHz processor. distributed over the clusters. For this, we selected twe sét
small fragments that might a ect the dissociation rate consta
Clustering (see Supplementary Figure & (i) seven types of solvent-
We employed a Gaussian Mixture Model (GMM) for the exposed fragments (i.e., di erent classes of thesRbstitution
classi cation of the compounds by their IFs in the data set®A f (Figure 1D) and six types of buried fragments (i.e2, Rlaced
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FIGURE 8 | Assessment of the RM quality. Histograms of mean absolute esr, MAE (A) and Q§3 score (B) of the external test set obtained in 200 repeated
test/training set splitting using RMs and the same values coputed from RAMD simulations(C,D) are shown in blue along with results for the Dummy model
(orange); results for the sub-set of only quinazoline compmds (from the full data set A) are shown by red lines; inRAMD simulations (33 values (D) are negative for
quinazoline compounds; in the right-hand plot of panel§C,D) all quinazoline compounds were removed as outliers. The datset used are denoted in each plot: A
and C data-sets, MF—data-set from molecular descriptors oly.

in the hydrophobic sub-pocket, séggure 1C0). The number of for 78% of the compounds, i.e. 55 compounds after omission
compounds in each cluster with the corresponding &d R of outliers).

fragments was computed and normalized by the cluster size. To understand the reason for this dierence, one has to
look at the simulation results for the indazole compounds
RESULTS AND DISCUSSION since most of the added compounds are indazoles. 17 out of
the 25 additional compounds have an indazole sca old with
RAMD Simulations a buried 3-methylbenzyl Rsubstituent and di erent exposed

Computed relative residence times obtained from tiRAMD Ry fragments (shown in dark red irFigures 1F 4A). This
simulations for the 94 compounds are shown vs. measuregl 1/k group has a computed that is systematically longer by
values on the logarithmic scale Figure 4A As discussed in approximately 0.5 log units than the value from the linear t
our previous study{okh et al., 2018 14 compounds from the for the other compounds, despite showing a good correlation
dataset are outliers: compoundsd, 17, 30, 66, 67, 69, and8  with the experimental values within the group (RD 0.86,
quinazoline compounds (highlighted in yellow iRigure 44). MAE D 0.34,Figure 4B). In contrast, variation of the buried
Without the outliers, i.e. for 80 compounds (85% of the dat,se Ro fragment in the indazoles leads to a large and non-speci ¢
the correlation coe cient R D 0.75, MAED 0.39 0.06, andthe deviation of computed values from the t. Specically, a
mean prediction uncertainty, MPU, is 3.10n average, which series with 4-(4-Morpholinyl) phenyl substitutions in inddeo

is somewhat higher than in the set of 70 compounds studie¢éompounds (group colored in cyan ifigures 1F, 4A,B has
previously Kokh et al., 2018(R2 D 0.86 and MPUD 2.3 a correlation coe cient with experimental data of?RD 0.67,
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TABLE 1 | Results of evaluation tests for different models: mean of MAand QES score obtained from 200 rounds of simulations (the standardleviation is given in
parentheses) for the external test sets.

RM A B c A* MF Ind
MAE LR 0.47(0.08) 0.51(0.09) 0.60(0.11) 0.43(0.08) 0.51(0) 0.39(0.10)
SVR 0.48(0.09) 0.53(0.10) 0.60(0.11) 0.43(0.08) 0.45(01) 0.39(0.11)
RAMD 0.76(0.12) 0.39(0.06) - 0.38(0.08)
Dummy 0.71(0.11) 0.61(0.11) 0.71(0.11) 0.55(0.14)
QZ, LR 0.57(0.21) 0.44(0.30) 0.29(0.30) 0.54(0.23) 0.36(0.52 0.41(0.52)
SVR 0.56(0.22) 0.44(0.30) 0.28(0.30) 0.51(0.25) 0.52(003 0.38(0.58)
RAMD 0.41(0.47) 0.69(0.10) - 0.57(0.23)

Calculations were done for data-sets A, B, and C (see main text) are badeon the complete set of 94 compounds. The test sets in these three cases were reqréd to contain some of

the outliers found by applying the RAMD procedure to estimate relative residence times, see Methods for detail&'—data-set of 80 compounds with outliers discarded. MF—based

on molecular property features only. Ind—only IFs of indazole compoundsoin data-set A are included. For data-set A, the quinazoline compounds (8 compouis) have a mean MAE

D 0.60 0.2/0.61 0.2 and Q§3 D 0.44 0.4/0.41 0.4 for LR and SVR models, respectively; for the data set MF quinazoline compoundigve a mean MAED 0.59 0.21/0.43
0.25and Q2, D 0.45 0.39/0.65 0.42 for LR and SVR models, respectively; for the Dummy model®3 D 0.

MAE D 0.43. Similarly, a subgroup of 6 resorcinol compound€Elucidation of the Molecular Features

shown with di erent R» (shown in Figure 1D, their residence ~ Affecting Residence Time From Simulated

times are colored in orange iRigures 4A,B substituents has a Li ; o ; ;
: o igand Dissociation Trajectories
low correlation, R D 0.72, MAED 0.32. The mean prediction As discussed above, the relativevalue is obtained in the

uncertainties for the latter three groups are 2.3, 4.3, artd 2. RAMD procedure from the computed ligand dissociation

' rce)izem(l)vszl')gle explanation for the poorer correlations fortimes that are assumed to be longer for the slower dissogati
POSS| xp lon 1 € p lons compounds and shorter for the faster dissociating ones. By
subgroups of compounds with dierent R fragments is

. . tbuilding a feature set of protein-ligand IFs from the ligand
uncertalnFy .regardlng the structurg of the bound-state. Ydissociation trajectories, we deliberately omitted imfation
the proteln-hgand_ complex. All 21 indazole and_ 6 resorCInOIon the trajectory length (see section Methods and Materials).
compounds_ mentioned above were modeled using a templa‘ﬁstead, we assessed whether the pattern of protein-ligand
structure since crystal structures were not available fase

mplex Some of th mpounds. requir relativ ontacts in the ligand dissociation trajectories contains
compiexes. >ome o €se compounds require a relaliveyi, ation on the ligand dissociation mechanism and wheth
large substituent to be modeled in, leading to uncertainty i

. . . - . it can be used to deduce how ligand substituents a ect residen
the protein and ligand conformations and in the position of

) . .~ time prolongation.
the compound, particularly when the fragment ts tightly in P g

A . To explore this, we employed the largest data-set, A, for
the hydrophobic binding sub-pocket and adaptation of theclustering of all 94 compounds by the similarity of their IF

protein structure is necessary. The 40 ns MD equilibrationeqy,res We found that the optimal number of clusters was 6 (se
carried out might not be su cient for achieving an optimal \e1hods and Materials for details). Although in some clusters
ligand-protein con guration, which may aect the computed ¢ gistributions of residence times are quite wide, thera élear
residence time. _di erence in their mean residence times, so that the clusters c
Another possible reason can be deduced from the observatigf), (4ked by their mean value, ¢ (seeFigure 5A). The average
that sets of compounds with dierent buried fragments, R ¢)yster properties obtained from 50 repeated clusterings mainl
demonstrate inhomogeneous deviations from the generablin o act the general structural similarity of compounds. The
tting of the complete set, while sets of compounds with the 8am composition of the clusters and their order is mostly presedrve
buried fragment show very similar deviations. This implieet in all 50 clustering rounds: the cluster with the longest ager
systematic omission of a speci ¢ contribution to the obsetve residence time comprises compounds with a tricyclic fragment
residence time. In RAMD, conformational changes of the protei whereas the two clusters with the shortest average resideanes
induced by the ligand's motions on the nanosecond timeschle consist mainly of loop-binders and fast unbinding compounds,
the simulations are captured rather well, but the longer tsnale  such as quinazolines; in the two intermediate clusters, one
motions of the protein are not fully sampled and these can beontains indazoles and one contains resorcinols. From the |
expected to modulate the ligand dissociation times. For gptam weights in each clusteF{gure 5B), one can see that most of the
if backbone changes, such as the unfolding of a helix, aréatee contacts associated with largevalues arise from residues lining
for ligand egress, then this s likely to be captured to atesgent  the hydrophobic sub-pocket formed duedehelix3 stabilization:
than side chain rotations in RAMD simulations. Such long-¢im speci cally, residues that belongshelix3 (L107- A111, marked
motions may facilitate ligand dissociation, and therefp@or in yellow in Figure 5B), those located in the hydrophobic sub-
sampling of these motions may result in the overestimation opocket at its entrance (F138, Y139, V150, W162, F170, shown in
residence times with theRAMD procedure. red and magenta ifrigure 5B), and two residues at the bottom
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of the ATP binding pocket (V186 and T184, highlighted ininside the hydrophobic pocket (F138, V150, T139, W184).
gray). These residues are showrFigure 5Cin the same color Additionally, residues G135 and V136, located between the
as in Figure 5B It is noteworthy, that the weights of several entrance to the hydrophobic sub-pocket and the ATP binding
residues located at the entrance of the hydrophobic sub-gpckepocket, contributeFigure 6D). These residues may interact with
speci cally F138, V150, and L107, gradually increase with thihe solvent-exposed party Fof the ligand, a 4-(40morpholinyl)
residence time. This result agrees with the conclusion af ouphenyl fragment (seé&igure 1D). To obtain a more detailed
previous study that steric hinderance at the egress chammel funderstanding of these protein-ligand interactions, we ctelé
compounds partially located in the hydrophobic sub-pocket is arseveral molecular fragments that predominantly de ne stanal
important factor in increasing the transition state energgéhus  variance in the indazole set (s&applementary Figure § and
prolonging the residence tim&(kh et al., 2018 The interaction computed the average occurrence of these fragments in each
with exposed residues lining the entrance to the ATP bindingluster Eigure 6Q). It can be seen that all compounds with
pocket (polar residues N51, D54) has a large contributiontiert a carbonyl oxygen at the ;Rfragment (located between N51
clusters IlI-V with intermediate residence times. Howewbey and F138 in the bound complex, séégure 6D), belong to
do not show a notable correlation with the residence timehist the long-residence time clusters Il and IV. On the other
cluster splitting. hand, although N51 can form an H-bond with the carbonyl
Overall, the splitting of the 94 compounds into just six oxygen, this interaction does not have a large contributmthe
clusters reveals several very general tendencies, shahang slowest unbinding clusters (s€&&gure 6A). The results suggest
the interactions of the compound fragment located in thethat the carbonyl oxygen plays a similar role to the halogen
hydrophobic sub-pocket generally promote slower dissoaitio atom in the loop-binders discussed above, and forms transien
while the interactions with exposed residues lining the ante interactions with F138. Also, all compounds with alicycknd
to the ATP binding pocket may a ect the residence time, butmethoxy) groups in the hydrophobic binding pocket (indicated
without showing a systematic trend. Increasing the numbein Figure 6C as R2:Cy and R2:0, respectively) appear in the
of clusters leads to a general reduction of the residence tinclusters with the longest residence times. Consistentlg, th
diversity in each cluster (see&upplementary Figure 5¢; hydrogen bonding (HB) interaction with the buried Y139 appear
which suggests that the similarity of the IFs in dissociatio only in the slowest dissociating cluster and can be assalidth
trajectories does generally correlate with the residenca polar (carboxyl) group at thegRragment. Finally, the e ect of
time. However, to obtain a more detailed understanding ofthe exposed Rfragment on the residence time is less well-de ned
dissociation mechanisms, one has to consider clustering ofian the buried R fragment (apart from a large contribution of
speci c compound sub-sets. For example, clustering of théhe 4-(40morpholinyl) phenyl fragment, R1:M, which is present
11 resorcinol-based loop-binders from cluster | e ectivelyin about half of the indazole compounds).
separates the faster dissociating compounds from the slower
dissociating compounds={gure 5D). Interestingly, although the . L.
cluster composition varies during repeated clustering, trerm R€gression Models for the Prediction of
di erence between the slower dissociating compounds (chaste Residence Time
Il and 1V) and the faster dissociating ones (cluster | anjlii  The results of two regression models, Linear Regression with a
retained: either a halogen (Cl or Br) or an aliphatic fragm@at  regularization term (LR) and Support Vector Regression (SVR),
example, a methyl group) on the resorcinol group (fragment R3o di erent data-sets are shown fRigures 7,8, and the computed
in Figure 5D) is always associated with longer residence timanodel quality metrics are given ifable 1 In particular,Figure 7
All other fragments (R1, R2, and R4) appear in both groupshows representative plots of computed against experimental
with short and long residence times (clusters I/ll and W/l residence times for the data-sets A and C. The linear and non-
respectively). We therefore surmise that the interactionhwi linear regression methods provide very similar results. Maezo
F138 (in particular from the CI atom) is one of the important the predictions of the two methods were strongly correlated
factors for prolongation of the residence time even thougis th (similar under- or over-estimation of the residence timeshich
interaction is not clearly established in the bound statee(s indicates that the data set quality, not the complexity of Rié
structure shown irFigure 5B). chosen, poses the main limitation on the accuracy. Consilstent
Furthermore, we have performed clustering on the largesthe MAE distributions for both methods obtained from 200
subset of compounds available (indazole compounds boundi erent test sub-sets are similar, as shown kigure 8 The
to the helix-type conformation). The averaged weights ofmnean MAE value for the test sets are about 0.47.08 for
dierent types of IFs that distinguish the four clusters areboth RMs, while the Dummy model yields 0.71 0.11 (see
shown in Figure 6A. The mean residence time variation over Table 1, the MAE histogram for the training and validation sets
the clusters Figure 6B) shows that there is a signi cant gap are shown inSupplementary Figure J. The predictions have
between the fastest dissociating compounds in cluster | and Q¢; D 0.57/0.56 0.2 for LR and SVR RMs, respectively,
the slower dissociating ones in clusters II-IV. As we obedrv which indicates that the model quality is acceptable, alvéh
for the complete set of compounds, the slowest dissociating relatively large standard deviation. Note, that in thisdab
clusters are characterized by a large contribution of the IRve included all compounds, even those that were considered as
from residues lining the hydrophobic sub-pocket located abutliers in RAMD simulations inKokh et al. (2018and each
a-helix3 (L107, G108, 1110, A111) or at the entrance of otestsetwas required to contain atleast 2 quinazoline comgsun
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FIGURE 9 | Average value of MAE for the sub-set of compounds with expemental residence times in the ranges of{1s), (1s-2s), (2s-3s), andX 3s) as obtained in
100 simulations for different test sets and compared with ta Dummy-model (null-hypothesis) and RAMD for the same set of compounds.(A—C) For the complete
set of compounds in models (A—C), respectively;(D) For the data-set model A* (model A without outliers)E) Only a sub-set of indazole compounds from the
data-set A was used; (F) Only molecular features were used.

whose is strongly underestimated in RAMD simulations, number of quinazoline compounds in the training set: 6, and in
as can be seen irrigure 4A. Therefore, the estimated the external test set, 2. Nonetheless, the estimation fsbm
directly from the RAMD simulations has a large mean MAE RMs is much better for these compounds than that obtained
of 0.76 0.12 (the MAE distribution is shown iRigure 40). from RAMD simulations of the residence time based on the
To gain deeper insight into the determinants of the quality oftrajectory length, which results in underestimation dby several
the RMs, we split the interval into four regions and plotted the orders of magnitude. This is an important result suggestimf t
mean of the MAE distributions for each regioRigure 9). Both  the residence time can be reasonably well-predicted by RMs
RMs have almost identical results and they clearly outperfornrained on diverse compounds whereaRAMD simulations
RAMD for all four intervals used if all the compounds are cannot always be used to rankcomputed for compounds with
considered Figure 9A). However, the RAMD method yields di erent sca olds. In Kokh et al. (2018)it was hypothesized that
better prediction accuracy than the RMs for the shortest andhe main reason for the underestimation of the residenceetim
longest residence time intervals if the 14 outliers (highied in  of the quinazoline compounds inRAMD simulations was the
Figure 4A) are not included in the compound seFigure 9D,  de ciency of the bound state representation in MD simulations
data-set A without outliers), with a mean of MAE 0.39 0.06 Following this hypothesis, one may assume that the robustness
and (ﬁsD 0.69 0.10, se@able 1 Onthe other hand, the quality of ML models for such compounds is a consequence of the data
of the RMs is only slightly changed on removal of the outlieeg, s preprocessing, where the major part of the trajectory in whiah t
Table 1 This is likely due to the much larger number of ligandsbound-state is sampled is discarded (i.e., the main boungksta
with intermediate values than those with shortorlongas can IFs are still considered but the exact length of the bouratest
be seen from the histogram iRigure 4A, which ensures better trajectory is not retained).
training of RMs in the middle of the interval but di culties in To explore the importance of the bound state IFs for RMs,
the prediction of more extreme values. we applied the same protocol using trajectories starting from
To further assess the ability of the RMs to correctly predicsnapshots where 20% and 60% of the bound-state contacts were
the residence times of the compounds that appear as outliefsst (model data-sets B and C, respectively), which corredpon
in  RAMD simulations, we computed the MAE distribution for to loss of 2-3 and 5-16 contacts, depending on the compound
a test subset consisting of quinazoline compounds only, lwhicsize. Data-set B yielded only slightly worse prediction aacyr
yielded a mean value of MAB 0.60 0.2 (MAE distribution than data-set A, whereas the predictive ability for data-sets
from the model dataset A is shown by a red linekigure 8  notably worse and closer to the null hypothesis (Begures 7
and a mean @3 D 0.44 0.4. This result is worse than for 9 and Table 1), especially for compounds with short residence
the whole set of compounds, probably because of the smadimes,Figure 9C The @3 score of the RMs drops from 0.57 to
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FIGURE 10 | Coef cients of the LR model in the test set averaged over 200 dierent splitting of the training and external test sets fathe A and C data-sets(A) and
for the LR built on molecular descriptors only(B), as denoted in each plot.

0.44 and then to 0.29 for the data sets A, B, and C, respectivehgsidues inside the hydrophobic sub-pocket (Y139 and T184).
with SD values increasing, indicating a strong dependentiesof This agreement supports the main trend in the dissociation
model performance on the test subset selected. kinetics of the HSP90 inhibitors studied, namely that large
The coe cients of the IFs in the LR model on the data-setcompounds that bind in the hydrophobic sub-pocket formed by
A and C are compared ifrigure 10A The features that have ahelix3 are generally slower dissociators. The importancaef t
major contributions are quite similar for the data-sets Adan interaction of the ligand with F138 was not highlighted byeth
B (data for the set B are not shown). The largest contributiofCOMBINE analysis, likely because this residue does not always
comes from several residues lining the binding pocket andlirectly interact with the ligand in the bound state. On thenher
located at the entrance of the hydrophobic sub-pocket (F13&and, some polar residues, such as K58, N51, and D54, seem to
V150, G135), which is generally consistent with the cluster have less importance when the complete dissociation trajgecto
analysis given above. Additionally, several more distesidues, is considered. For example, although a H-bond between some
such as D102 and H154, appear to be important for the LRgands and K58 is observed in the crystal structures, it isequ
model. It is noteworthy that in both the clustering analysigdla unstable in MD simulations and its contribution is negligitite
LR, the interaction with F138 plays a major role and corredateboth the LR and the clustering models.
with longer residence times. For the data-set C, however, th RMs built for the congeneric series of 45 indazole compounds
hydrophobic sub-pocket residues do not contribute essdnptial (data-set Ind) demonstrate similar performance for the mid-
Instead, the role of polar residues around the pocket entrancand long-range residence times to those for the complete data
(D54, N106, K58) and more distant residues, such as 1110 arst (Table 1, Figure 9E and Supplementary Figure 8 For the
T61, or even F20 (located at the exit of the hydrophobic subregion with k, > 0.01 s, however, the model quality is poor
pocket) increases. These results suggest that: (i) the mesén because only 3 indazole compounds belong to this region.
the bound state IFs in the feature set is crucial for the gualit  Finally, we considered whether the model could be improved
of RMs for prediction of residence times, although the RMsby the inclusion of parameters describing the moleculanfiezt
do not seem to be very sensitive to the exact duration of thef the ligands or even by training the model solely on ligand
bound state, (ii) dissociation pathways may be very divevhgh  parameters. Thus, we added several molecular descriptais, su
makes it di cult to build a consistent model from transitiostate  as solvation energy, number of heavy atoms, single, double
information only. and aromatic bonds, hydrogen donors and acceptors, and
Notably, the residues that make the main contributions toradius of gyration (se€&upplementary Table ? to the set of
the LR and to the clustering models in the present study ar#~ features. Although the RMs were not notably improved
quite similar to those reported for COMBINE analysis of HSP9(data not shown), the number of heavy atoms appeared as a
inhibitors (Ganotra and Wade, 20).8They include residues of major term in the LR model. We therefore went further and
the part of thea-helix3 fragment that lines the ATP binding trained RMs on molecular descriptors alone. Surprisingly, the
pocket (L107-A111), as well as some polar residues surrognditsVR model based on just molecular descriptors demonstrated
the ATP binding site (N51, D54, D93, G97, D102), and severa good performance (Q D 0.52 0.30), comparable to
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that for data-set A, albeit with a larger SD, and better thartime strongly depends on the interaction of the ligand with
the LR model (@; D 0.36 0.52) on the same dataset residues of the binding cavity, when most of the bound state
(see also MAE and Q histograms inFigure 9F. The latter protein-ligand contacts are still preserved. This is in accord
is mostly driven by the number of the heavy atoms in thewith the recent calculations of relative residence times fo
molecule Figure 108, which is an expected result since thereHIV-1 protease inhibitors duang et al.,, 200)9and HIV-1
is a clear correlation between the residence time and thprotease and HSP90 inhibitorsGénotra and Wade, 20)8
number of heavy atoms &D 0.74,Supplementary Figure 9A.  which demonstrated that protein-ligand contacts in the compl
The number of single bonds and solvation energy are theould be used to deduce ligand residence times. From the
next most important factors, where the dependence on thénear regression model, as well as from clustering analyss, w
solvation energy is mostly driven by the compounds withfound out that the interaction of the ligand with F138 is very
di erent buried fragments, in particular, indazole compoundsimportant. Although F138 is not always directly contactirmgt
(Supplementary Figure 9¢ while variation of the exposed ligands in their bound states, it forms transient interacts with
fragment does not have much e ect (the correlation of solvati aromatic groups as well as with polar groups of the binding
energy with log(1l/k ) for dierent sub-sets is shown in core (either halogen or carbonyl oxygen) present in most ef th
Supplementary Figures 9B} compounds, and thereby promotes prolongation of the ligand
residence time.
As expected, the quality of the ML models strongly
CONCLUSIONS depends on the range and the homogeneity of the distribution
of kinetic rate constants for the compounds studied, and
In the present study, we propose a protocol for estimatinghe size of the set of compounds with similar sca olds
drug-target residence times and for exploring which protein-but di erent substitutions. In particular, the quality of the
ligand interactions aect the residence time. We performedpresent models is strongly aected by the fact that about
a machine learning analysis of ligand dissociation trajges 50% of the compounds have intermediate residence times,
obtained from RAMD simulations. For the evaluation of the while there are much fewer compounds with short or long
method, we analyzed the ligand dissociation trajectorie94 values of .
inhibitors of HSP9O0 [previously published for 69 compounds Finally, we demonstrated that the LR model based only on
(Kokh et al., 201Band simulated for an additional 25 compounds the molecular features of the compounds reproduced the génera
from Schuetz et al. (2018p)We excluded from the analysis trend in  reasonably well. It showed an increase ofvith
the rst part of each simulated trajectory where the majority molecular size, but was less reliable for the prediction &f th
of protein-ligand interactions were retained as in the stagt dissociation rates of compounds with shortvalues, for which
complex structure. We considered three di erent thresholds f the determinants of the dissociation kinetics are more carpl
de ning the minimum number of protein-ligand contacts that On the other hand, the SVR model trained on the molecular
must be lost to assign a snapshot to the transition part of théeatures shows surprisingly good performance (similar ta tha
trajectory: (i) 2 contacts, (i) 20%, and (iii) 60% of all balin obtained when the model was trained on the complete set of
state contacts (data-sets A, B, and C, respectively). A tiollec IFs), albeit with a larger variation in the performance foredéent
of protein-ligand interaction ngerprints, IFs, extractedoin  sub-sets of compounds.
the transition part of each dissociation trajectory as delne  Overall, this study demonstrates that the proposed machine
above, was employed to build a set of features for machinearning procedures can e ectively extend the value of the
learning analysis. RAMD procedure by making corrections for outliers,
We rst explored the possibility to obtain insights into improving the predictive ability for ligand residence time,
key protein-ligand contacts and to reveal ligand fragment@and giving information on key determinants of the ligand
that inuence the ligand residence time using a clusteringdissociation mechanism and the ligand functional groupst tha
algorithm and the data-set A. Then, we built regression mqdelsre critical for residence time prolongation.
RMs, for the prediction of ligand dissociation rates using
experimental data. We tested dierent data models, as well
as a data sub-set containing indazole compounds only, and BATA AVAILABILITY
set of molecular descriptors. We systematically compared the
predictive performance of the RMs with the null-hypothesis,The IF data set and Python Jupyter Notebook scripts and a
as well as with the results of theRAMD method, where data set are accessible at https://zenodo.org/record/26%216
relative residence times were estimated based on the lengtkMMg6YWxU5k (doi: 10.5281/zenodo.2652166), the raw data
of the dissociation trajectories for each compound. We foundare available from the authors upon request, without undue
that RMs have good predictive ability for residence times, evereservation, to any quali ed researcher. Kinetic data cafobed
for compounds where the RAMD method fails because of in Kokh et al. (2018)Schuetz et al. (2018band Amaral et al.
de ciencies in the modeling of the ligand-protein bound stat (2017) along with the Protein Databank identi ers of crystal
due to force eld or sampling issues. structures of protein-ligand complexes. The 2D structurethef
Comparison of the three data-sets, with di erent de nitions compounds used in the study are given in SMILES format in the
of the transition part of the trajectory, shows that the reside  Microsoft ExceSupplementary Table 4s a separate le.
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