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ABSTRACT:No anti-cocaine addiction drugs have been approv
the Food and Drug Administration despite decadesrafEhe main |
challenge is the intricate molecular mechanisms of cocaine adi
involving synergistic interactions among proteins upstreany ‘ar
downstream of the dopamine transporter. However, itasltdio | ¢;°°
study so many proteins with traditional experiments, highlightin
need for innovative strategies in takl. We propose a proteome=
informed machine learning (ML) platform for discovering n{eﬁ \
optimal anti-cocaine addiction lead compounds. We analyze prgteomic -
protein protein interaction networks for cocaine dependence d«
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identify 141 involved drug targets and build 32 ML models for cross-

@\
Nearly (ﬂ: ¢ y
optimal \‘ji/h ® 23
leads &
target analysis of more than 60,000 drug candidates or experimental

drugs for side ects and repurposing potentials. We further predict their ADMET (absorption, distribution, metabolism, excretion,
and toxicity) properties. Our platform reveals that essentially all of the existing drug candidates fail in our cross-target and ADME
screenings but iderds several nearly optimal leads for further optimization.

datasets

bstance use disorders (SUD) involving alcohol, opioidstracellular cAMP levels,RDintimately joins in the circuitry

ocaine, etc., adverselych a growing population of of motor control, and it is the main target of most
individuals and families worldwide, constituting acsighi  antipsychotic dru§sD,R relates to many neurological and
socioeconomic burden with increasing medical expenses @sychiatric conditiorisincluding schizophrenia and bipolar
crime. Psychostimulants, especially cocaine, account for a |&ligerder, attention deit hyperactivity disorder (ADHD),
portion of SUD and impact millions of lives. In the Unitedaddictive behaviors, Parkinsatisease, and eating disorders
States alone, among the 70,630 SUD-related deaths in 2099¢h as anorexia nervosa. Some studies also suggeRt that D
15,883 were due to cocaine addiction. The hazard frof:R, and DR are involved in the changes of locomotor
cocaine addiction and subsequent mortality callsefaive  activity induced by cocaine and other psychostinfulants.
medications. However, antly no cocaine addiction Cocaine also blocks the serotonin transporter and
medications have been approved by the U.S. Food and Drid@repinephrine transporter, inhibiting the reuptake of

Administration (FDAJ. serotonin and norepinephrine and thus increasing the level
The psychotropic properties of cocaine primarily derivef thg activation Qf serotonin and norepmephrlr!e.receptors.
from blocking the dopamine transporter (DAT). Speity, Additionally, cocaine exposure could regulate opioid receptors

cocaine blocks DAT and prevents dopamine reuptake from tA8d endogenous opioid peptidead may also act ti\le
synaptic cleft into the presynaptic axon terminal. As a resulS@ection of G-protein versusarrestin pathway$: _
higher dopamine level in the synaptic cleft promotes th epeated use of_psychosfumqlants alters gene expression
activation of dopamine receptors in the postsynaptic neurdfifoughout the brain, including in the nucleus accumbens, a
which generates euphoria and ardugahong these critical center for reward processing. Frequent cocaine
dopamine receptors, the @opamine receptor (B) plays exposure increases the Ie\{el of expression of the transcription
a critical role in the reward and addiction of cocaine becaul@ftor FosB and brain-derived neurotrophic factor (BDNF),
the population of R in the mesolimbic reward system is W ich in turn regulate gene expression to aI_ter both dendritic
large’ Therefore, BR may be an important target for treating and synaptic morphology and function in the nucleus
cocaine addiction. Among other dopamine recepiBrand
D,R are the most abundant in the braif® Blong with other ~ Received: September 23, 2021
D,-like receptors stimulates intracellular cyclic adenosirécepted: November 5, 2021
monophosphate (CAMP) levélghe functions of Blike Published: November 9, 2021
receptors are to regulate the growth of neurons, sftne D

mediated events, and other behaVibgR, DR, and R

belong to the group of ,Bike receptors and inhibit
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Figure 1.DAT-centered global and core PPI networks and proteome-informed Miwforlanti-cocaine addiction drug discovery. (a) DAT-

centered global and core PPI networks. (b) Our proteome-informed Mawviatkanti-cocaine addiction drug discovery. First, the data sets
inferred by the PPI networks are collected, represented by a latentgexqidnt via an autoencoder, and used to construct bindibg a

predictors. Second, the hits obtained from potency predictors, including those repurposing hits, are screened for potenfialaivetiee

resulting promising candidates are further evaluated for ADMET properties to discover nearly optimal anti-cocaine addiction lesids. Abbreviatio
DAT, dopamine transporter; ) dopamine receptor DL dopamine receptor D2;H) dopamine receptor D3,R) dopamine receptor D4;

STX1A, syntaxin-1A; TH, tyrosine hydroxylase; VMAT2, vesicular monoamine transporter 2.

accumbens and prefrontal cottdikely driving the long-term  a serious challenge to drug development because it can easily
compulsion for drug seeking and taking that underlieattract small compounds, especially those with protonatable
addiction> amines and aromatic groups, a hallmark of many neuro-
Currently, experimental medications against cocaine addi@nsmitter transport inhibitors and GPCR ligihde
tion mainly target DAT and;R? (1) Atypical DAT inhibitors  hERG blockade was a popular reason for drug withdrawals in
are studied widely. While cocaine and its analogues (typitaé 1990s and early 2000s. Therefore, in early 2000, the FDA
DAT inhibitors) bind and stabilize outward-facing conformaincluded the hERG sideeet in their updated regulations: the
tions of DAT:* atypical DAT inhibitors stabilize inward-facing TdP liability of drug candidates must be evaliratégbor in
conformations of DAT upon their binding. DAT with an vitroin phase 1 clinical triafs.
inward-facing conformation is much harder for cocaine to bind The mechanism of cocaine addiction is very complicated,
(an approximate 100-fold loss of the potency of cocaine for th@volving far more targets than DATRDand hERG. All of
inward-facing conformatiocompared with that of the the proteins upstream and downstream of DAT functions
outward-facing conformatidfi}> In other words, even could be impacted by cocaine, which covers a large number of
binding a nities (BAs) for DAT are weaker than that of proteins and interactions as showfidgare a&. On one hand,
cocaine, and the pretreatment by atypical inhibitors can stilese proteins can become potential treatment targets for
prevent DAT from being blocked by cocaine. Morecocaine addiction. On the other hand, blocking these proteins
importantly, atypical DAT inhibitors do not induce cocainealso probably brings cocaine-like symptoms or other severe o
like behaviors or addictibh(2) Another promising approach target eects. Therefore, these proteins could be critical
against cocaine addiction involvgR Bntagonists and/or sources of side ects. Thus, we need to systematically
partial agonists.sR antagonists couldextively attenuate the investigate potential compounds that inhibéreint cocaine
motivation to earn psychostimulants and reduce relapse-relageftiiction targets, as well as the putative sefdsefrom
behaviors. JR partial agonists not only can functionally blockagents blocking these targets.
the e ect of cocaine addiction but also can elicit the partial One method for systematically unveiling potential treatment
activation of their receptor targets under abstinence conditioasd critical side-ect targets is to examine sizable protein
and thus potentially mitigate withdrawakes'® protein interaction (PPI) networks on the proteome scale. A
In addition to potency, the safety of cocaine addictioPPl network accounts for not only direct (physical and
treatments must be carefully evaluated. One dangerous sideemical) interactions but also indirect (functional) associa-
e ect target for drug addiction treatments is the hathana-  tion?° in which a connection represents two proteins jointly
go-gqdhERG) potassium channel, which could incur adverseontributing to a spedc biological function even without
side eects and even death. hERG generates the delaydaect physical or chemical interaction. As a result, a proteomic
rectifying potassium current. When a compound inhibits thePI network is a suitable tool for systematically searching a
hERG channel, it interferes with potassium current, prolon¢ggrge number of proteins relating to a spedisease,
the QT interval, and results in torsades de pointes (TdP), providing a‘pool’ of potential treatments and critical side-
potentially lethal ventricular tachycdrdighus, hERG poses e ect targets, such as cocaine addiction in this work. The
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Figure 2.Cross-target BA prediction systematically suggestingstdeard repurposing potential. (a) Heat map of cross-target BA prediction
indicating the inhibitor specity on each data set. In each row, the diagonal element shows the Pearson correlatithafdi0-fold cross-

validation R of 10-fold CV) on the machine learning-predicted BAs (ML-BAs) of each data set. Other elements represent the highest ML-BAs
among the inhibitors in each data set to other targets. (b) Two examples of positive cross-target BA correlation revealing bindirfg-site similarity
MMP3 with MMP9 and MET with SPC. In each example, the ML-BA correlation plot of one data set to the target pair, the three-dimensional
alignment of the two target proteins, and the two-dimensional sequence alignment of their binding sites are given. The Protein Data Bank entries
the protein structures are 1B3D, 1GKC, 1ROP, and 1KSW for MMP3, MMP9, MET, and SPC, respectively. In each ML-BA correlation plot, the
title is the name of the data set. The colors of points represent the experimental BA for the designated aadyedx€héndicate the ML-BA

for two other proteins. (c) Nine typical examples of cross-target BA predictions of poterg@ssitteegst, second, and third rows exhibit the

examples with substantial sidects of potent inhibitors on zero, one, and two targets, respectively. The green frames outline the optimal ranges
without side eects on both targets & 9.57 kcal/mol, angt > 9.57 kcal/mol). (d) Six typical examples of cross-target BA prediction
suggesting repurposing potential. In these examples, some weak inhibitors of their designated targets are predicted to have high BAs (i.e., lov
values) to other proteins. The two green frames in each subplot outline the BA domains with repurposing potential, which represent compoun
that have the potency to one target (BA values®5% kcal/mol) and do not show strong sidees on the other target (BA values &.57

kcal/mol).

String v11 database collects a large number of ppotd@in organisms®° One can extract the large-scale PPI network for a
interactions involving a total of 24,584,628 proteins from 50%pecic human protein from String.
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Traditionalin vivoor in vitro experiments are too time- protein that plays several roles in synaptic activity, such as
consuming and expensive to test all of the proteins in r@gulation of synaptic vesicle tking and subsequent
proteomic PPl network eiently. Additionally, large-scale neurotransmitter release. It participates as a monomer in
experiments on animals could raise important ethical conceragnhaptic vesicle exocytosis by enhancing vesicle priming,
For large-scale assays, machine learning/deep learning (Musion, and dilation of exocytotic fusion pores. Cocaine abusers
DL) technologies are promising, at least for initial evaluatiaypically have overexpression efynuclein in dopamine
and screening. ML/DL technologies have been widely appliegurons.” TH is the enzyme responsible for catalyzing the
at di erent stages of drug design and discovity/DL conversion of the amino acidyrosine toL-3,4-dihydrox-
could help to predict drug poteityepurpose existing drugs yphenylalanine (L-DOPA), which is a precursor for dopamine.
to new diseasésand even generate new druglike compoundStudies also suggested cocaine administration could increase
for further screenirid. ML/DL methods have also been TH enzyme activify’ STX1A is a nervous system-speci
established for the lead optimization of various druggabpeotein implicated in the docking of synaptic vesicles with the
propertie$**> including solubility, partition coeient, presynaptic plasma membrane. E-Cadherin is a type of cell
toxicity, pharmacokinetics, and pharmacodynamics. Thesghesion molecule that is important in the formation of
technologies could largely reduce the need for time-consumiagherens junctions to bind cells to each other. Flotillin-1 and
and expensive experiments and thus accelerate drug discov@ryare ubiquitously expressed, evolutionarily conserved
signi cantly bending human health and welfare. peripherally membrane-asgediaproteins. Flotillins are

In this work, we designed a proteome-informed ML/DLfound to regulate the membrane mobility of DAT.
work ow to discover nearly optimal anti-cocaine addiction The 12 aforementioned proteins constitute the core network
leads, as shownhigure 1First, we extracted a proteomic PPl of cocaine addiction. Their mutual interactions in the network
network of cocaine addiction from the String dafdliase  also indicate DAT is the most important node, which connects
infer 141 potential treatment and critical sidetetargets. the upper and lower parts of the network. Network analysis
Although more side-ect targets outside the PPl network shows that DAT has the highest degree (11) among all of the
should be considered, we limit oupre to critical ones  nodes and is a hub of the core network. Additionally, the
revealed by the PPI network in this work. Second, for targetsdloseness centrality of DAT is as high as 1.000, which also
the network, the associated molecules are presented by latsnggests its full connection to all of the other proteins in the
vector ngerprints (LV-FPs) via an autoencoder (AE) andcore network. More importantly, the betweenness centrality of
built ML/DL-based BA predictors. Third, we carry out crossDAT (0.470) is higher than those of any other nodes,
target BA predictions of more than 60,000 associatesliggesting other than the hub, DAT is also a critical
compounds to screen possible sidgte and repurposing bottleneck. In other words, DAT is a bridge of the network,
potentials. Interestingly, the correlation between predicted BAsd almost half of the interactions must be via DAT. If DAT is
for di erent targets could reveal binding-site similarities amomgmoved, the communication between the upper and lower
targets, which is a byproduct of our proteome-informed MLparts of the core network will be essentially cut o
DL work ow. Finally, we applied ML-based models to further The connections also reveal the importance of VMAT2 and
evaluate the pharmacokinetic properties, i.e., absorptionsynuclein. Their degrees are both 8, and the closeness
distribution, metabolism, excretion, and toxicity (ADMET)centrality values are both 0.786. They have connections to all
as well as synthesizability. These evaluations, together withioeles in the upper part of the network, and both have
potency and side@ct analysis, form a series ltdrs to betweenness centrality values of 0.033, forming shortcuts
screen nearly optimal lead compounds. Finally, we also stumbtween other proteins. Three other proteins with positive
atypical or typical inhibition of these nearly optimal leads vizetweenness centrality argRD DR, and TH. Their

induced-t docking. betweenness centrality values are all 0.003, suggesting they
DAT is well-known as the critical direct target of cocaine. Tplay some roles as bottlenecks. For example, the shortest

study the PPI network of cocaine addiction, we 1Bt pathway between® and DR is through ER or D,R. Their

into the String database and extracted a global network andiegree and closeness centrality are 7 and 0.733, respectively.

core network of DAT interactions ($égure a). The global As mentioned previously, the global PPl network of cocaine

network contains 141 nodes and 1696 edges. The coagldiction involves as many as 141 proteins, which not only
network considers only the proteins having direct knowplay roles in cocaine addiction but also participate in other
interactions with DAT, which leads to 12 nodes and 29 edgdsiological activities. A drug must be speoiits own target
The global network could be decomposed into three clusteid not aect other protein functions to avoid sideces. In
implying these proteins involve threeemint primary  this section, through ML/DL models, we systematically predict
functions. The core network resides in one cluster, with lighibitor BAs to analyze sideets and repurposing potential.
critical proteins in the biochemical pathways of cocaine We collect inhibitor data from the ChEMBL datgbase.
addiction. build ML models for 32 proteins that havecsent inhibitor

Apart from DAT, VMAT?2 is another critical node in the data to build such models. These models are used for drug
core network. VMAT?2 is a transport protein integrated intaepurposing and sideeet studies.
the membrane of synaptic vesicles of presynaptic neurons. Itsigure 2 depicts the heat map of cross-target BA
main function is to transport monoamines, especially neurpredictions for 32 targets. Each diagonal element shows the
transmitters such as dopamine, norepinephrine, serotonin, dehrson correlation cagent R) of 10-fold cross-validation
histamine, from the cytosol into synaptic vesicles, which th¢gV) of the ML BA predictions (ML-BAs) for the
release the neurotransmitters into synapses as chemioairesponding protein inhibitor data set. Three of 32 models
messages to postsynaptic neurons. Many psychostimuldmseR values of >0.90, showing excellent accuracyR The
such as cocaine interact with VMAT2, which emphasizes italues of 21 ML models are >0.80. For examplky#hge of
clinical signicanceé® Moreover, -synuclein is a neuronal the ML model for the DAT data set of 2877 compounds is
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0.84. Only one modeR value is <0.70 (i.4,= 0.69 for the =~ BA predictions. In each chart, three targets are involved: its
GRKS5 model). Therefore, these ML models are quite reliabldesignated target and two other potential satg-targets.

In Figure &, elements right to the diagonal in each row are Figure 2 exemplies side-eect predictions. Therst row
the maximum BA values of the data set of the diagonal elemdhistrates active inhibitors having no serious sitseon
predicted by the corresponding models. For example, elemeither of two other targets. In the three plots, all active
(1,2) is the maximum BA value of the DAT data set (287¢tompounds, which are represented by red or even deep red
compounds) predicted by thg)gDML model. Elements below points, are predicted to have low BAs (i.e., BA values of
the diagonal in each column are the maximum BA values »f 9.57 kcal/mol) for two other proteins. Therefore, we
other data sets predicted by the diagonal model. For examgeticipated that these active inhibitors would not have strong
element (2,1) is the maximum BA value of tfie data set  side eects on two other targets studied. The second row
(4685 compounds) predicted by the DAT ML model. contains examples with predicted sigete on one of two

For a given drug candidate, its predicted high cross-targatgets. For instance, the second plot in this row shows that the
ML-BAs might suggest strong sidects. Among 992 cross- potent inhibitors of protein CNR2 are unlikely to bind to
target screenings kfigure 2, there are 330 potential side EPHA2. However, some of these potent inhibitors have strong
e ects judged by a threshold BA 6f57 kcal/mol K; = 0.1 predicted BAs ( 12 kcal/mol) for CNR1. This potential side

M, which is a broadly accepted threshold for higiyad). e ect is expected, as CNR1 and CNR2 are similar cannabinoid
Some side ects are due to highly similar targets, such aseceptors. The third row is the worst case in which sicks e
receptors ER, DR, and DR, cannabinoid receptors CNR1 are predicted for both of the two other proteins. The most
and CNR2, glutamate metabotropic receptors GRM2 anobvious cases are due to the kinship of the involved proteins,
GRM3, and matrix metallopeptidases MMP3, MMP7, andhich are included igure S2However, we also noticed that
MMP9. Their high degress of sequence and structure similarggme inhibitors can still cause simultaneous ®des en
contribute their mutual side eets. However, mutual side unrelated targets, such as Sigmal g@dhRhe rst chart in
e ects are also found between seemingly unrelated proteitiss row.
such as DAT and Sigmal, etc. In addition to side-ect evaluation, our cross-target BA

We next investigate the positive correlations betweepredictions could also suggest repurposing potential as shown
predicted ML-BAS:igure B exhibits two examples of cross- in Figure @. In each subplot dfigure @, some inactive
target BA correlations. Thest example depicts compounds in inhibitors are predicted to be potent inhibitors of other
the DAT data set binding to targets MMP3 and MMP9, whictproteins. For instance, in thest chart, some inactiveRD
play an important role in cocaine reldp3de correlation inhibitors have high ML-BAs (BA values .57 kcal/mol)
plot reveals aR value of 0.48 between their predicted BAs.on DAT, suggesting theseRDinhibitors are potential DAT
The second and third plots are the three-dimensional (3Dinhibitors for further studies. In the second chart, some
alignment of the proteins and two-dimensional (2D) sequenammpounds inactive to hERG are predicted to be very potent
alignment of their binding sites, respectively, which suggastDAT, while some other inactive compounds are predicted
these proteins, and especially their binding sites, are highdystrongly block [R. In the fth chart, some inactive DAT
similar, with a binding-site sequence identity as high as 64.98hibitors are predicted to be potent inhibitors;Bf @ D,R.

In addition to the targets from the same protein familyMore side-e=ct and repurposing examples are givégune
leading to correlated BAs, we also found some seemin@{
unrelated proteins with correlated BAs, indicating their binding Because DAT is the main target of cocaine and hERG is a
sites are similar as shownFigure B. Although tyrosine- critical side-ect target especially for neurotransmitter trans-
protein kinase met (MET) and proto-oncogene tyrosineport inhibitors and GPCR ligands, in this section, we focused
protein kinase src (SRC) are not of the same family, they aoe predicting the BAs of inhibitors from all of the other 30
both kinases. MET is a tyrosine kinase that transduces sigraddsa sets on DAT and hERG, which could allow evaluation of
from the extracellular matrix into the cytoplasm by binding totheir hERG side ects and repurposing potential against
hepatocyte growth factor ligand. SRC is a tyrosine kinase tH2AT.
is activated following the engagement of maenedt classes Avoiding hERG sideects is a priority for all drugs. Herein,
of cellular receptors. The alignment ploisgare b reveals  we designate a more strict thresholdBat8 kcal/molK; = 1
the binding domains of MET and SRC having conserved 3DM) for any hERG side ect. As shown iRigure S3most of
conformations with a 2D sequence identity of 50.1%. Thus, thige inhibitors in many data sets have predicted hERG BA
R values between the BAs of MET and SRC data sets arevadues of over 8.18 kcal/mol, which suggests no serious
high as 0.82. More examples can be fouridimne S1 hERG side esct. Especially for data sets GRM3, LRRK2, and

One signicant application of cross-target BA predictions iSPR, almost all of the compounds in these data sets weakly
to evaluate side ects and repurposing potentials. Our basidind to hERG with BA values of ove8.18 kcal/mol.
idea is to systematically predict the BAs of the inhibitors of ortdowever, a large number molecules in data,&tBB, and
target by using the ML models of data sets for other proteinB4,R were predicted to have serious hERG sitse
It is desirable for a drug candidate to be highly epeei, In the examination of the repurposing potential for DAT
having a high BA for its target, and have weak sitts,e.e., compounds, inactive inhibitors in data sei DR, DR,
having very low BAs for all other human proteins. Moreover, HFGFR, MET, and Sigmal with experimental BA values of more
a drug candidate interacts weakly with its designated target bhéin 9.57 kcal/mol are predicted to be potent at DAT with
is predicted to be potent at another unintended protein, then BA values of less thaf.57 kcal/mol for DAT. Some of these
has repurposing potential. Here, we carefully studied the 380mpounds possess a low potential for hERG sicks as
data set-target pairs with potential mutual satgsein~igure shown inFigure S30f particular note is the Sigmal data set
2a. Panels c and dfefjure Adepict some typical examples of containing 44 inactive inhibitors but predicted to strongly
our side-eect and repurposing detection through cross-targenhibit DAT with ML-BA values of less tha&h57 kcal/mol.
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Figure 3.Druggable property screening based on ADMET properties, synthesizability, and hERG side@mpounds frome critical

protein data sets: DATg®, CDK1, HDAC, and Sigmal. The colors of the points represent the experimental BAs for thesexiaageis. The
axes show predicted ADMET properties, synthesizability, or hER@cssd&seeen frames outline the optimal ranges of these properties and
side eects.

Additionally, 11 of the 44 compounds were predicted to have Two critical properties for potential drug candidates are the
weak hERG side ects with BA values of larger thahl8 FDA maximum recommended daily dose (FDAMDDSs) and
kcal/mol. Therefore, according to our predictions, these 1the BA for hERG (hERG_BA), representing the potential for
compounds could potentially be repurposed for inhibitin%)_X'C'ty and hERG sideeets, respectively. Thest row of

DAT without strong hERG sideeets. However, to qualify as -9ure 3depicts the distributions of these two properties of
nearly optimal lead compounds, further screenings for oth%z'b'tors from theve critical data sets. The green frames are

side eects, ADMET properties, and synthesizability ar optimal domains of the two properties mentioned above.
indispensatj)le ' he colors of points represent experimental BA values for

. . rgets. According to this screening,valldata sets contain
Here we performed systematic screenings on AD'\/IEtslau cient compounds with optimal toxicity and hERG side

properties, synthesizability, and hERG sieleiserigure 3 e ects. However, for the CDK1 and DAT data sets, the

illustrates the example screening implemented on the data %%ﬁmal domains of toxicity and hERG sigets contain only

of ve proteins (DAT, R, CDK1, HDAC, and Sigmal) that yery few potent inhibitors. This suggests ADMET properties
play essential roles in cocaine addiction. The optimal rangess@fd side eects must be considered before a new compound is
ADMET properties and synthesizability are listédhie 1 synthesized.

while a BA value of larger tha®.18 kcal/mol is applied as The second row dfigure 3illustrates the screening based
the required range for exempting hERG skelds on important absorption properties, (half-life) andF,q,
(bioavailability 20%). Allve plots in the second row reveal
Table 1. Optimal Ranges of the ADMET Properties and  that the optimal domain df,;;, and gy, is only a small

Synthesizability Considered in This Work fraction of chemical space. However, fovaltata sets, the
small optimal domain does indeed contain some potent
property optimal range inhibitors.
FDAMDD excellent, ®.3; medium, 0.9.7; poor, 0.71.0 The third row ofFigure 3displays the lo& and logS
Faoss excellent, 00.3; medium, 0.3.7; poor, 0.71.0 screening. Lo and logS relate to the distribution of
log P proper range, @ log mol/L chemicals in human bodies. For adl targets, only a small
log S proper range,4 0.5 log mol/L portion of potent inhibitors can be found in the optimal
Tiz excellent, 00.3; medium, 0.3.7; poor, 0.71.0 domain, suggesting a huge waste of resources in early studies.
Caco-2 proper range, %.15 Notably, there is an obvious line in the second subplot of this
SAS proper range, <6 row, which is very unusual under natural conditions. This
11127 https://doi.org/10.1021/acs.jpclett.1c03133
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Figure 4.Experimental or docking structures of cocaine, DCP, ibogaine, and our nearly optimal lead compouridisopmtaT

revealing the molecular mechanism of typical or atypical inhibition. (a) lllustration of DAT inhibited by cocaine. (b and ¢) Modes of binding of

cocaine and DCP, respectivelfDrimsophil®AT from the experimental structures (Protein Data Bank entries 4XP4 arfdra3fioktively)

revealing the molecular mechanism of typical or atypical inhibition. Because the orientation oDRIisegt8lahAT (corresponding to

Phe320 in human DAT) is the key to determining typical or atypical inhibition, Phe319 is enlarged and also colored blue. The comparison betwee
panels b and ¢ suggests, for typical inhibition in panel b, the side chain of Phe319 is stuck in the open state with the S1 pocket always open so

the occluded and inward-facing states of DAT cannot be formed. In contrast, Phe319 in panel c rotates to an occluded state, leading to atypi
inhibition. (d) Docking pose of existing experimental medication ibogaine with D&iIngdts atypical inhibition. (g) Docking poses of our

nearly optimal lead compounds suggesting their atypical or typical inhibition.

obvious line is probably caused by the intended optimizatiarsidues in the cytoplasmic substrate permeation pathway and
to improve logP. do not induce a cocaine-like behavior or addiction.

The last row ofFigure 3depicts the Caco-2 and SAS Ibogaine is a natural psychoactive substance extracted from
screening. Caco-2 represents the cell permeability #fe plants in the Apocynaceae family suchalsrnanthe
compounds, while SAS describes how hard a compound isitg@gaVoacanga africamedTabernaemontana undu(atse
synthesize. These plots indicate almost all of the compouridgure 4). Ibogaine was originally used in African spiritual
from the ve data sets are not hard to synthesize, an@€remonies. However, its addictive properties were
approximately half of the compounds have good ceficcidentally discovered in 1962. Since then, ibogaine has
permeability. More importantly, many potent inhibitors ar@€en tested to treat SUD, especially for cocaine addiction.
also in the optimal domain. Now it is already approved for clinical use in The Netherlands,

According to the literatutesome experimental medications Canada, and Mexico. _
are being investigated to treat cocaine addiction. Here we usefP09@ine inhibits DAT and SERT withd@lues of 4.0 and
our proteome-informed ML models to predict the sieetee 029 M. respectivefy. More importantly, ibogaine is an
of these experimental medications. Ibogaine is a natura) pical inhibitor of DAT and SERT and has potential for

. . . Areating cocaine addiction. However, its severe saie and
occurring psychoactive substance that may have ant|add|ctr8 ated deaths are of serious concern. Between 1990 and 2008,

properties, and its docking structure and some experimeng otal of 19 fatalities associated with the ingestion of ibogaine
and predicted B.A$ are shoyvnF|gure 4. .A" .Of thg 2D were reported, and six of these fatalities wgre caused byg acute
structures of existing experimental medications d|scussedhgbrt failure or cardiopulmonary affe8ur model predicted
this work and their experimental or predicted BA values alf,qderate BA of ibogaine to hERG with a BA valug48
available ifrigures S4 and S5 o . kcal/mol, which suggests a risk for ibogaine to incur heart
A typical DAT inhibitor such as cocaine binds and stabilizggses. Additionally, with predicted BA value8.d1, 9.54,
an outward-facing conformation of DAT. However, an atypicalg 46, and 9.43 kcal/mol with proteins YES1, LRRK2,
DAT inhibitor stabilizes an inward-facing conformation 0GRM2, and FER, respectively, our models anticipated high
DAT upon its binding, which makes the binding of cocaingisks of side @cts on these proteins, especially for YES1 and
di cult’ Therefore, even with a weaker BA on DAT thanFER, associated with severe diseases sarcoma and acute
cocaine, the pretreatment by an atypical inhibitor could stithyeloid leukemia, respectively.
prevent DAT from being blocked by cocaine. More The structure of docking of ibogaine to DATFigure 4
importantly, compared to typical DAT inhibitors such ageveals that, just like the crystal structure of cocaine with DAT
cocaine, atypical DAT inhibitors increase the accessibility iof Figure #, ibogaine binds to DAT mainly through
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hydrophobic interactions. Strong hydrogen interactions adiWO007 were predicted on targets Sigmal, GRM2, and YES1
absent. with a nities of 9.46, 9.30, and 9.28 kcal/mol,
Modanil is a functional stimulant targeting DAT and respectively. The abnormality of YES1 could lead to sarcoma.
NET?* which has been approved for the treatment of Rimcazole was originally designed as a potential anti-
excessive sleepiness, such as narcolepsy or idiopathic hygsrehotic. However, trials indicate rimcazole is extive in
somnia. It was also reported that moill@xerts some ects this application. Instead, rimcazole and its analogues can
on cocaine reward and reinforceneris a result, its  reduce the ects of cocairfé specically through binding to
potential utility to establish abstinence from cocaine addictiqDAT. Rimcazole was reported to hate af 0.0977 M to
was tested in a phase | clinical trial, which reported a cocai®AT * Because it is still a drug candidate under investigation,
blunting eect’™ As an atypical DAT inhibitor, even with a the side eects remain a major concern. Our results indicate
DAT a nity (K; = 8.16 M") lower than that of cocaine, potentially serious sideeets on targets,R and YES1 with
modanil could still prevent DAT from being blocked by BA values of 9.60 and 9.24 kcal/mol, respectively.
cocaine. ) ) Rimcazole analogue GBR12909 (vanoxerine) is a potent
Using the proteome-informed ML models, we also predictegtypical DAT inhibitor with k& of 0.00177 M. Therefore, it
the side eects of modanil on other proteins in our cocaine \as advanced to phase | clinical trials. However, a failure was
addiction PPI network. Consistent with the fact that mibda reported due to rate-d nt corrected QT (QTc)
is an approved drug, its predicted BA values to theseeside-e g|ongation in healthy subjecihis heart-related sideeet
targets are all larger thad kcal/mol_, and among them, 65.7% a5 supported by the BA value for hERG, which was predicted
are larger than8 kcal/mol. In particular, modal only very {4 pe as low as9.47 kcal/mol. Another potential side is
weakly binds to hERG §.96 kcal/mol). _ from Sigmal, with a predicted BA value9o43 kcal/mol.
Because modail is a potential treatment for cocaine pextroamphetamine is an approved drug prescribed for
addiction, many of its analogues have been developed gpchiing ADHD and narcolepsy. Because it has potent atypical
tested. Therst modanil analogue is JJC8-G1@ecause it is antagonism of DAT with K of 0.109 M,*® it is being
a potent atypical DAT inhibitorK( = 0.116 M), its  reaxamined for the treatment of cocaine addiction. In clinical
pretreatment inhibits cocaine-enhanced locomotion, cocaige o dextroamphetamine has demonstratectaigrprom-
self-administration, and coeainduced reinstatement of ise fo'r weakening theeets of cocaifé.Consistent with the

drug-seeking behavior. However, an experimental study., . toam L ; ;
; . phetamine is already approved, the predicted side
found that it may block the hERG charifielur prediction e ects on other targets are negligible in our models. For

for JJC8-016 also showed a BA valud@B4 kcal/mol for example, the predicted BA value versus hERGOB kcal/
hERG, which suggests serious potential cardiotoxicity. mol
Another series of moddl analogues consists of JJC8-088 ) ; ; ; ;
. ' The DsR antagonist SB277011A is studied for cocaine
JJC8-089, JJC8-051and RDS3-09. Their K; values to addiction. It can reduce cocaine-enhanced brain-stimulation

DAT are 0.0026, 0.0378, 0.23, and 0.0BB81respectively. g o
Although JJC8-091 is not as potent as JJC8-088 and JJC8-(‘5§ward’ suppress cocaine-conditioned place preference, and

, . . : ; 4

its e ciency in blocking cocainesets is the best among these tenuate gg;ggg-l%m_ed :;_lnstatﬁment hehaviors ﬁ; L?ts.
three. The possible reason is that JJC8-091 prefers an inw. guever, Sbe i4h IS 1e€tive When cocaine 1s avanable
facing conformation of DAT and thus exhibits a strongeh r self—admlnlsttr?tl 1dgofnlsgdenlngt§|$e ects, 313%7(7)%21'“
atypical inhibitiof® As a result, JJC8-091 is under further'aS @pproximately 100-fold selectivity {6r 8 = 0.

investigation. RDS3-094 was idedtias a newly developed M) Over DR (K ; 555 M). Wle alzo predicted Zshqtmer Si?ﬁ q
modanil analogue in 2020. With similar chemical structure€ €Cts on more dopamine-related targets, and hig dpre icte
JJC8-088, JJC8-089, JJC8-091, and RDS3-094 were prediftdyties occur on targets YESI, SSTRS, HGF, and LRRK2

to have similar sideaxts. In our prediction, they all strongly (BA values of 9.71, 9.39, 9.23, and 9.17 kcal/mol,
bind to targets Sigmal (BA valuesid.06, 10.15, 10.16, respectively). Among them, the abnormality of YES1 and

and 9.99 kcal/mol, respectively) and YES1 (BA values gpStRO could trigger serious consequences because YES1 and
9.15, 9.31, 9.25, and 9.14 kcal/mol, respectively), and SSTRS are involved in sarcoma and prolactin-secreting
YES1 is a risky target associated with sarcoma. Additiona{juitary adenoma. o . .
JJC8-088 strongly interacts with SSTR5, which is related toNGB2904 is another widely investigagl &ntagonist. In
pituitary adenoma. In contrast, their hERG siefetseare not ~ rats, NGB2904 reduces progressive ratio break points for
very obvious with BA values .59, 8.48, 8.03, and  cocaine, inhibits poth cocaine- and cue-pflmed reinstatement
8.08 kcal/mol, respectively. Interestingly, these four mo@f cocaine seeking, and prevents cocaine-enhanced brain-
a nil analogues were also predicted to inhifit ©9.51, stimulation reward. However, its reward-attenua}eng;ean
9.07, 9.10, and 9.04 kcal/mol, respectively), which be overcome with larger doses of cotalneour side-eect
suggests they may assuage cocaine addiction via multipiediction, a potential sideset on hERG was detected with a
mechanisms. predicted BA value 0f9.20 kcal/mol, suggesting a risk of
Benzatropine is a medication for movement disorder§ausing heart issues. Serious sitsewere also predicted on
including dystonia and parkinsonism. Benzatropine and #ultiple targets, including YES1, activinl, SSTR5, CNR1, and
analogues are being studied for repurposing against cocdfgmal with BA values 09.64, 9.60, 9.57, 9.53, and
addiction. Although benztropine pretreatment failed to 9.47 kcal/mol, respectively, again raising serious concerns
signi cantly aect responses to acute cocaine adminisffation, over sarcoma and prolactioreeng pituitary adenoma.
its analogues are still worth investigating. For instanceowever, interestingly, NGB2904 was also predicted to
JHWO007, with &; of 0.0253 M, shows antagonism of potently inhibit DAT, suggesting NGB2904 may interact
behaviors produced by cocaine or methamphetamine acregth multiple targets @B and DAT) to aect cocaine
numerous animal modéls-However, serious sideeets of addiction behaviors.
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PG01037 is derived from NGB2904. Similar to NGB2904he extracellular gate, rendering the occluded conformation. In
PG01037 reduces progressive ratio break points for cocaitie third step, a second dopamine molecule binds to the S2 site
inhibits both cocaine- and cue-primed reinstatement of cocaimethe extracellular vestibule and triggers the transition of DAT
seeking, and prevents cocaine-enhanced brain-stimulattonthe full inward-facing state open to the presynaptic axon
reward but fails to alter cocaine self-administf4tion. terminal. As a result, dopamine and ions can be released into
PG01037 was predicted to have sigete that are weaker the presynaptic axon terminal. In the fourth step, after
than those of NGB2904, especially as predicted BA valuesdmpamine and ions are released, the apo inward-facing state
hERG and YES1 are increased&@®5 and 9.11 kcal/mol, of DAT is formed. In thenal rate-limiting step, the DAT
respectively. Moreover, similar to NGB2904, PG01037 hageverts to the outward-facing apo state, allowing the initiation
low predicted BA value versus DAD.66 kcal/mol). of another translocation cy]é?e

Many DR partial agonists are also currently under Cocaine and other typical DAT inhibitors prevent dopamine
investigation. VK4-40 and VK4-116 are D3R partial agonistsuptake because the binding of typical inhibitors stabilizes the
designed within the paste years. They were developed to outward-facing state of DAT so that the intracellular gate is
improve bloodbrain barrier (BBB) penetration of previous always closed and dopamine cannot be released into the
D4R partial agonists. Compared with VK4-40, VK4-116 caeytosol, while atypical inhibition allows the transition to the
reduce the cocaine-enhanced heart rate and blood fressuriaward-facing states of DAT, in which dopamine can gain
As for side eects, VK4-40 and VK4-116 exhibit high access to the cytosol. The molecular mechanisms leading to
selectivity for fR (305- and 1735-fold more selective fortypical or atypical inhibition can be unveiled via the
D3R over DR, respectively). However, our predictions showcomparison between the X-ray structure of cocaine bound to
that they have potentially strong sidects on targets YES1 Drosophil®AT [Protein Data Bank (PDB) entry 4XP4 (see
(BA values of 10.07 and 10.27 kcal/mol, respectively), Figure 4,b)] and that of 3,4-dichlorophenethylamine (DCP)
SSTR5 (BA values 09.44 and 9.66 kcal/mol, respectively), with Drosophil®AT [PDB entry 4XPA (seggure 4)].° It
and LRRK2 (BA values 0f9.28 and 9.30 kcal/mol, suggests that the key to determining typical or atypical
respectively). inhibition is the orientation of Phe319DnosophildDAT

The partial BR agonist CIB090 moreeetively attenuated  (corresponding to Phe320 in human DAT). Phe319 is the S1-
psychostimulant reward than PG01037 in‘téis. predicted  gating residue, which is critical for the conformational
its side eects on other targets, revealing the BA for YESfransition from the outward-facing state to the inward-facing
( 9.27 kcal/mol) is weaker than those of VK4-40 and VK4state of DAT. However, hindered by the bulky tropane ring
116. However, the potential sideat on SSTR5 is still and the methyl ester group present in cocaine, the side chain of
somewhat high (BA value d¥.50 kcal/mol). Phe319 is stuck in the open state with the S1 pocket always

Cariprazine is an atypical antipsychotic already on th@pen (see Phe319 Figure #) so that the occluded and
market. It acts primarily as #rRfand BR partial agonist, with  inward-facing states of DAT cannot be formed and the
high selectivity for JR, and it is also being studied for the dopamine reuptake cycle cannot be completed. In contrast, the
treatment of cocaine addiction. Cariprazine exhibits A-ray structure of DCP bound Bwosophil®AT shows an
reduction of cocaine intake under an FR1 schedule amatcluded statg={gure 4). This is because, in this structure,
reinstatement of cocaine seeking inrétss only predicted DCP binding allows the side chain of Phe319 to rotate,
to have a strong sideeet ( 9.82 kcal/mol) on Sigmal, and occluding the S1 pocket (see Phe3I1&gare ), which is
Sigmal is not currently known to be related to serious diseasesjuired by the following conformational movements in the

Other experimental ;R partial agonists include BP-897, dopamine reuptake cycle. Other research also suggests atypical
RGH-237, and GSK598809. BP-897 reduces conditionéchibition accommodates the rotation of Phe320 in human
locomotor activity to cocaine but fails when cocaine is selPAT to the closed conformatith.
administeretf As for side ects, thek; assays indicate BP-  To conrm this atypical binding mechanism, we also
897 is 70-fold more selective fogfDover DR. Other side  performed induced- docking between the known atypical
e ects were predicted via our proteome-informed model®AT inhibitor ibogaine and the occluded state of DAT (PDB
Potential serious sideeets were found for targets SSTR5 andentry 4XPA). Our induced-docking allows Phe319 to rotate
YES1 with predicted BA values 8f73 and 9.38 kcal/mol,  freely. The resulting docking conformation suggests that
respectively. RGH-237 was also predicted to have somewiteigaine ts the occluded state of Phe319, which agrees with
high a nities for SSTR5 and YES1 (BA values9of9 and the atypical inhibition of ibogaine.

9.65 kcal/mol, respectively). Notably, our predictions suggestHere, using our proteome-informed ML models, we
GSK598809 strongly binds to targets YES1 and CNR1 withimicked the processes of screening or repurposing lead
BA values of 10.15 and 9.94 kcal/mol, respectively, compounds. We applied as many as 38 criteria in our
especially a 10.15 kcal/mol anity for YES1 that may systematic screening and repurposing. These criteria include
represent a danger for serious siéetg, because YES1 is BA for the designated target, six ADMET propertiesbie
related to sarcoma. 1, synthesizability, and the sidects on hERG and 30 other

The reuptake of dopamine from the synaptic cleft into th@roteins related to cocaine addictioRigure 2.
presynaptic axon terminal relies on a conformational cycle of~igure € exemplies a nearly optimal lead from our
DAT with ve steps. The cycle begins with the ion/substratesystematic screening. In this example, we screened nearly
free (apo) state of DAT. This apo state is an outward-facingptimal lead compounds from known DAT inhibitors in the
state in which DAT is open to the extracellular environmenChEMBL database. We only accepted those with experimental
In the rst step, Nabinding stabilizes DAT in the fully DAT BA values of less tha®.54 kcal/mol ; < 0.1 M),
outward-facing state with the extracellular gate entirely opgmedicted hERG BA values of more th&ai8 kcal/mol K; >
which is ready for the binding of dopamine to the primary S1 M), predicted BA values with other proteins of more than
site. In the second step, dopamine binding induces closure d3.54 kcal/mol, and excellent predicted ADMET properties
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and synthesizability. As a result, screened compounds h#iwee indices: degree, between centrality, and closeness
high potencies to DAT, low sidesets on hERG and other centrality. The degree of a node is the number of edges. A
targets, and satisfy standards for druggable properties. Atsade with a high degree represents a hub node having many
they are easy to synthesize. Compound CHEMBL558086 iteighbors. The between centrality of a node iedeas the
Figure € was the only optimal lead compound left from oumproportion of the number of the shortest paths via it to the
ML-base screening. It binds more strongly to DAT than tmumber of all of the shortest paths in the network, which
cocaine (experimental BA value bf.32 kcal/mol) and has  quanties the frequency at which a node forms the shortest
weak side ects on all of the other proteins, such as apaths between two other nodes. A node with a high between
predicted hERG BA value o7.02 kcal/mol. The predicted centrality is always a bottleneck of the network and
ADMET properties and synthesizability are also in theramatically iruences the pathways among other nodes.
excellent rangesgble ). Additionally, the closeness centrality of a node, which is
Panels f and g éfigure 4show two example compounds de ned as the average length of the shortest paths between the
from our systematic ML-based repurposing. In this experimeRbde and all other nodes, measures its centrality in the
we hope to repurpose inhibitors of PPI-informed proteins frofetwork. A node with a higher closeness centrality is closer to
ChEMBL to target DAT. For this purpose, we searched thge center of the network.
compour_1ds_ with weak nity for their des_igr_wated targets but  pmolecular ngerprints are the property pes of a
potent binding to DAT by our ML predictions. At the samemgplecule, usually in the form of vectors with each vector
time, they must have weak sidects on other proteins such glement indicating the existence, degree, or frequency of one
as hERG and good druggable properties. Our criteria are tﬁﬁrticular structure characteristic. They can be used as features
same as those for the screening described above, but iNRYt N\ /DL models. In this work, the latent-vectagerprint

compounds are from other data sets. As a result, the m E\/-FP) and traditional 2D ngerprints (2D-FPs) were
potent DAT inhibitors from our systematic repurposing ar pplied.

ChEMr?L3765422 and EhEMBL37h64304 from _t}lFéclhta The seq2seq model is a DL autoencoder architecture that
set. They are very weak RDbut they are predicted to be g jginated from natural language processing. It has already

€ ECtiV‘t:“'. tOIDALWith BA Vatlrl:e.s Cﬁ:gl a;d 9.70 kcallimoFI, been demonstrated as a breakthrough success in English
respecllvety. (()jr'e?\ijerl’,lERgrBz ee<|: are \gea ' dor French translation and conversational modeling. The basic
example, 1S predicte values are Gri$ an scheme of the seq2seq model is to map an input sequence to a

7.69 kcal/mol, respectively. ; : :
" . xed-sized latent vector in the latent space using a gated
We also predict whether these three compounds are atyp'?@furrent unit (GRU} or a long short-term r[:]emory (LgSTM?

or typical inhibitors via induced-docking. Our docking 6
AN network® and then to map the vector to a target sequence
studies indicate that compound CHEMBL558086 from our ith another GRU or LSTM network.

systematic screening could bind to the occluded state of DAY .
W){th Phe319 closedg,] which suggests CHEMBL558086 is a In our study, input and output seguences are both SMILES
atypical nearly optimal lead. Nevertheless, ChEMBL37654%|3mgS’ a one-dimensiofiahguageof chemical structures.

and ChEMBL3764304 from systematic repurposing fail t sing nearly 104 million molecules, our autoencoder model is
bind to the occluded state of DAT, and only the outwardIrai”ed to have a high reconstruction ratio between input and
' fput SMILES strings so that the latent vectors contain

faci tat Id date th , ti typi ) . B
iﬁﬁ:g%o‘; ?J; CChOEMBfggggEg :n?j Ch(eETABSL%%%iSéCI)Zg yp! éljf hful information about the chemical structures. Thus, we

At present, there are no FDA-approved drugs for cocai@dOPted these latent vectors as LV-FP to represent
dependence. This work addresses the urgent neeetfivee ~ COMPOUNds. , ,
drugs to treat this disease. We propose a proteome-informed "€ S€d2seq model and LV-FPs were realized by our in-
machine learning platform, which results in 141 drug target9Use source code. We applied bidirectional LSTMs as the
for cocaine dependence. Using our autoencoder trained fréiicoder. The generated LV-FP has a dimension of 512. The
more than 104 million molecules, we build 32 machingtructure of our seq2seq model is illustratéejime S
learning models for the targets with enough existing training!n @ddition to LV-FP, 2D-FP-based predictors were also
data. Using these models, we perform cross-target analysi@dgpted in our work. The predictions from 2D-FPs were
more than 60,000 drug candidates or experimental drugs §8mbined with those from LV-FP by consensus (averages of
predict their side ects and repurposing potentials for treatingth€ir _prediction values) to further enhance the predictive
cocaine addiction. We further screen the ADMET properties §PWer. According to our previous t€SECFP4; Estate,
these candidates and experimental drugs. Our platform reveld Estaté2 ngerprints perform best on BA prediction tasks.
that essentially all existing drug candidates, including dozend BES, these three 2dgerprints were considered in this work.
experimental drugs, fail to pass our cross-target and ADM&Ye employed the RDKit software (version 2018:09c3)
screenings, which explains why no FDA-approved anti-coca@i@fierate 2D-FPs from SMILES strings.
addiction drugs have yet to be uncovered despite decades of0 achieve fast and robust BA predictions, we performed
e ort. Nonetheless, we have idemtiseveral nearly optimal gradient boosting decision tree (GBDT) regressors and
leads for further optimization. Our inducedecking also  classiers using GradientBoostingRegressor and GradientBoos-
suggests one atypical DAT inhibitor from them. Our workingClassier modules in scikit-learn (version 0.28.The
opens a novel, proteome-informed machine learning directibsperparameters were tuned according to 10-fold cross-
for drug discovery. validation tested on dirent data sets.

In this work, our PPI networks related to cocaine addiction For regression tasks, the evaluation criteria are the square of
were obtained from the String Web $iteoé://string-db.org/ the Pearson correlation cegent () and the root-mean-

). The network analysis and visualization were implementsduare error (RMSE). For clasation tasks, the evaluation
via Cytoscape 3.82In the network analysis, we consideredcriteria are accuraéyscore, sensitivity, and speity.
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Figure 5.Performances of our predictive models usiagedt ngerprints and their consensuses on some benchmark data sets relating to cocaine
addiction. (a) Regression performances of our predictive models inR&rth} Gfassication performance of our predictive models in terms of
accuracy. (c) Comparison of our predicted bindinigies (BAs) from the LV-FP and ECFP consensus with the corresponding experimental BAs.

ADMET properties and synthesizability are also criticdletween 6 and 7 were removVetherefore, to fairly compare
factors for drug design and lead optimization. In this work, waur results to theirs, we also followed the same preprocessing
focused on seven eérent indices of ADMET and strategies so that the data sets can be directly compared.
synthesizability: FDA maximum recommended daily doseSome benchmark data sets related to cocaine addiction were
(FDAMDD), logP, log§ half-life T,5,), Caco-2 permeability already studied in tesmof regression or classition
(Caco-2), human oral bioavailability 209 Fand synthetic  task$>*°® On these benchmark data sets, our predictors,
accessibility score (SAS). Among them, FDAMDD estimatespecially consensus ones, exhibit high prediction power (see
the toxic dose threshold of a compound in human® isog Figure % On regression tasks, we can acRigaties of >0.8
the logarithm of the-octanol/water distribution coeient. (R?>0.64) on all of the data sets except extended hERG. The
Log Sis the logarithm of the aqueous solubility valuePLog Ron the extended hERG data set is close tRe&:8® (77;R
and logS relate to the distribution of chemicals in human= 0.59). These performances are better than that in the existing
bodie$” The half-life of a drug indicates the length of timereport>® More detailed comparisons are showaires S2
that the drug eect could persist in an individual. The value ofS13
Ty, here represents the probability of a half-life of <3 h. Caco-

2 estimatesn vivodrug permeabilityF,q,, measures the ASSOCIATED CONTENT

fraction of the initial dose of a drug that successfully reach®s Supporting Information

either the site of action or the bodilyd domain from which  The Supporting Information is available free of charge at
the drug-intended targets have unimpeded access. Last butingbs://pubs.acs.org/doi/10.1021/acs.jpclett.1cQ3133

P ' 9 performance summary, and method and validation

and a complexity penalty. The score ranges from 1 (the (PDP
easiest) to 10 (the hardest), which is calculated as a
combination of two components: SAS = fragment score
complexity penalfy.We adopted ADMETlab 2.0t(ps:/ AUTHOR INFORMATION

admetmesh.schdd.cofi/to predict these seven properties. Corresponding Author

Its document also provides optimal ranges for these ADMET Guo-Wei Wei Department of Mathematics, Department of

properties, as shownTable 1 Biochemistry and Molecular Biology, and Department of
The induced+t docking in our work was implemented via Electrical and Computer Engineering, Michigan State

AutoDock Vin&? University, East Lansing, Michigan 48824, United States;
This work studied 36 data sets for 3Zmint protein orcid.org/0000-0002-5781-29Bmail:weig@msu.edu

targets. The data were collected fron6feénd 66 and the

ChEMBL databag@These data sets are summarizédlie ~ Authors _ o

s1 Kaifu Gao Department of Mathematics, Michigan State
For each data set, we included all of the compound§ with University, East Lansing, Michigan 48824, United States;

or 1Cs, values but removed redundant ones. As suggested by © 0rcid.org/0000-0001-7574-4870 o
Kalliokoski et ai’, the G, values were approximately Dong Chen Department of Mathematics, Michigan State

converted tdK; by the equatiofk, = ICs42. The label we University, East Lansing, Michigan 48824, United States
used for training and testing is the bindingjts (1.3633x Alfreq J. Rob|son Department_of Physmlogy, Mlchlgan State
logyo K)). University, East Lansing, Michigan 48824, United States

In the benchmark classation tasks, the authors dropped Complete contact information is available at:
the compounds between active and inactivene dadistinct  https://pubs.acs.org/10.1021/acs.jpclett.1c03133
boundary: for the DAT and hERG data sets, the compounds
with pK; or pICs, values between 5 and 6 were excliided:; Notes
the DR data set, the compounds wiy pr plG, values  The authors declare no competingncial interest.
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