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ABSTRACT.

This work describes the synthesis and pharmacological evaluation of 2-furoyl-based Melanostatin (MIF-1)
peptidomimetics as dopamine D> modulating agents. Eight novel peptidomimetics were tested for their ability
to enhance the maximal effect of tritiated N-propylapomorphine ([*H]-NPA) at D receptors (D2R). In this
series, 2-furoyl-L-leucylglycinamide (6a) produced a statistically significant increase in the maximal [*H]-NPA
response at 10 pM (11 + 1%), comparable to the effect of MIF-1 (22 £ 9%) at the same concentration. This
result supports previous evidence that the replacement of proline residue by heteroaromatic scaffolds are
tolerated at the allosteric binding site of MIF-1. Biological assays performed for peptidomimetic 6a using
cortex neurons from 19-day old Wistar-Kyoto rat embryos suggest 6a displays no neurotoxicity up to 100 uM.
Overall, the pharmacological and toxicological profile and the structural simplicity of peptidomimetic 6a makes
this peptidomimetic a potential lead compound for further development and optimization, paving the way for
the development of novel modulating agents of D2R suitable for the treatment of CNS-related diseases.
Additionally, the pharmacological data herein reported was used, along with >20000 outcomes of preclinical
assays, to seek a general model to assess the potential of a series of compounds as allosteric modulators for a
myriad of receptors targets, organisms, cell lines, and biological activity parameters based on Perturbation
Theory (PT) ideas and Machine Learning techniques (ML), abbreviated as ALLOPTML. By doing so,
ALLOPTML shows specificity Sp = 89.2/89.4% and sensitivity Sn = 71.3/72.2% in training/validation series,
respectively. To the best of our knowledge, ALLOPTML is the first general-purpose chemoinformatic tool
using a PTML-based model for the multi-output and multi-condition prediction of allosteric compounds, which
IS expected to save both time and resources during the early drug discovery.

Keywords: Allosteric modulators; Artificial Neural Networks; Big data; ChEMBL; Machine Learning;

Melanostatin; Multi-target models; Perturbation Theory.
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1. Introduction

Dopamine receptors belong to a complex monoaminergic family of G protein-coupled receptors (GPCRs)
represented by five distinct receptors (D15 receptors),! which are grouped into D,-like (which mediate
excitatory neurotransmission, including D: and Ds isoforms) and D.-like receptors (associated to inhibitory
neurotransmission, comprising D2, Dz, and Ds isoforms).! These two subgroups differ in their signal
transduction, binding profile and physiological effects.?> Among the Dis receptors, D,-like receptors are
considered of utmost importance due to their intrinsic role in the pathophysiology of neurological and
psychiatric disorders.® Alternative splicing leads to generation of two distinct D, receptors (DzRs): D, short
(D2s) and D2 long (D2L) isoforms, which are associated with presynaptic and postsynaptic populations of D2R,
respectively.* The difference between these two splicing isoforms consist of 29 amino acid residues located in
the 111 intracellular loop, responsible for the G protein coupling.* The design of ligands with receptor-specificity
is considered a herculean task due to the high structural homology shared by Di-type or D2-type receptors.® For
example, while D,R is the main target to control the positive symptoms of schizophrenia, none of
antipsychotics approved are capable to discriminate D, from Ds receptors. In this sense, allosteric regulation is
considered a key pharmacological approach to selectively modulate the responsiveness of a specific receptor
subtype with negligible or absent interference on the other subtypes. In this sense, allosteric modulators may
contribute to the development of new selective and less toxic therapies than those focused on the orthosteric
sites.®> Allosteric modulators bind to a topological region of the receptor (i.e., an allosteric site) different from
the binding site used by endogenous ligands (i.e. the orthosteric site). Upon binding, allosteric modulators
induce structural modification that can either stabilize the active form of the receptor (positive modulation),
inactivate it (negative modulation), or have no influence on the ligand-receptor binding (silent or neutral
modulation).®

Positive allosteric modulators (PAMSs) operate by lowering the energy barrier necessary to shift the receptor
to the active conformation, by stabilizing the active conformation, or both.” PAMs do not display any activity or
pharmacological effect in the absence of the endo/exogenous agonists, but when combined with an orthosteric
agonist, they increase its efficacy, thus minimizing the overall side-effect profile of the agonist.’

An example of a PAM with intrinsic D2-selectivity is the neuropeptide L-prolyl-L-leucylglycinamide,®'? also
known Melanostatin® or as melanocyte stimulating hormone release inhibiting factor 1 (MIF-1, Figure 1).1
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Melanostatin (MIF-1)
Figure 1. Melanostatin (MIF-1) structure denoting a type-II B-turn as the bioactive conformation assisted by an

intramolecular hydrogen bond (dashed blue line).

ACS Paragon Plus Environment



oNOYTULT D WN =

ACS Chemical Neuroscience Page 4 of 38

MIF-1 is formed by exocyclic cleavage of oxytocin hormone and displays several biological activities within
the central nervous system (CNS),'? acting mainly as a neuronal modulating agent in the nigrostriatal
pathway.'* Pharmacologically, MIF-1 interacts with D2R increasing the effect of dopaminergic agonists on
these receptors such as N-propylnorapomorphine (NPA), apomorphine, and 2-amino-6,7-dihydroxy-3,4-
tetrahydronaphthalene (ADTN).® Studies show that MIF-1 potentiates the binding of [*H]-NPA and [*H]-
quinpirrole in a dose-dependent manner to D2z, Dzs, and Ds receptor subtypes to give a bell-shaped
dose—response curve,’® without enhancing the binding to D1 and Ds receptors.® % Mechanistically, it is
suggested that MIF-1 promotes stabilization of D2R in a higher affinity state, making this receptor more
sensitive to agonists.* 1 17 It is speculated that MIF-1 may have a direct interaction with a domain of the
receptor other than its orthosteric site, or that it may display an indirect mechanism associated with the increase
of the rate of GTP hydrolysis promoted by G protein.'® However, this last hypothesis seems less likely as the
modulatory effect is not observed in other G protein coupled receptors, such as az-adrenergic receptors, or with
Gs-coupled receptors, such as D1R family, showing thus D2R-specificity.®

Regarding its PAM activity and D2R-selectivity, MIF-1 has been proposed as an attractive drug candidate
for further development in the treatment of CNS-related neurodegenerative diseases associated with dopamine
receptor sensitivity, such as Parkinson’s disease (PD), schizophrenia, tardive dyskinesia, and Gilles de la
Tourette syndrome.'® For example, MIF-1 is widely acknowledge for alleviating the behavioral changes in
animal models of PD.?% 2! Furthermore, this neuropeptide has also the ability to interact with other drugs by
modifying their effects?® (e.g., MIF-1 antagonizes morphine-induced catalepsy as well as dyskinesia induced by
antipsychotic drugs).?3?® X-ray crystallography?® and structure—activity relationship studies using constrained
peptidomimetics?” suggest that MIF-1 adopts a type-1l B-turn formed by intramolecular hydrogen bonding
between the carbonyl oxygen atom of the L-proline residue and the trans amide proton of the glycinamide
residue (depicted as dashed blue lines in Figure 1). The presence of the C-terminal carboxamide is considered a
key pharmacophore for the modulatory activity of MIF-1 and its active peptidomimetics, however an extended
bioactive conformation is also suggested.’® Modifications in the proline residue of MIF-1 have long been
recognized to render bioactive peptidomimetics,?® indicating that this residue may be suitable for chemical
derivatization and the development of novel bioactive PAMs.10-12

In this work, we aimed to explore the replacement of proline residue in MIF-1 structure by 2-furoic acid (2-
Fu) for the assembly and pharmacological evaluation of a novel class of MIF-1 peptidomimetics and use the
experimental data to construct a general-purpose computational model based on Perturbation-Theory (PT) and
Machine Learning (ML) ideas to predict allosteric modulators for a myriad of receptors targets, organisms, cell
lines, and biological activity parameters, abbreviated as ALLOPTML.
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2. Results and Discussion
Design and chemistry.

Proline has long been stablished as a non-essential amino acid residue for the activity of MIF-1 analogues,*
thereby offering the possibility for the design of novel MIF-1 peptidomimetics with PAM activity and D»-
selectivity. For example, picolinic acid has been successfully used as proline surrogate for the assembly of
MIF-1 analogues with PAM activity and suitable toxicological profile.!* These findings led us to hypothesize
that heterocyclic scaffolds may be tolerated at the putative allosteric binding site of D2R. In this sense, to gain
further insights into the architecture of D2R allosteric binding site, other heteroaromatic scaffolds should be
considered as proline surrogates, allowing to further rationalize the chemical features required for the
development of pharmacological active PAMs. Considering the pyrrolidine ring of proline amino acid, five-
membered heteroaromatic rings such as furan moieties may represent suitable proline surrogates for the design
of MIF-1 peptidomimetics and thus providing useful information about the size and nature of the hydrogen
bonding at the D2R allosteric binding site. To the best of our knowledge, the use and application of furan
moieties for the development of MIF-1 derivatives have not yet been reported. In this sense, 2-Fu was chosen
for the assembly of a novel class of MIF-1 peptidomimetics.

For the preparation of 2-furoyl-based MIF-1 peptidomimetics, a diversity-oriented synthesis (DOS) strategy
was employed to create a set of structure-related amino acid combinations at the central and C-terminal
positions. For this purpose, L-leucine was replaced by L-valine whereas glycine was substituted by L-alanine.
The synthetic route for preparation of 2-furoyl peptidomimetics is depicted in Scheme 1.
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OH + H3N

2Fu 1b (n = 0)
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Scheme 1. Synthesis of 2-furoyl-based peptidomimetics 4-7(a,b). Reagents and conditions: (i) DIEA, TBTU,
CHCly; (ii) LiOH, MeOH/H0 followed by H>SO4 1 M; (iii) NHz (g), MeOH.
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Starting from 2-Fu, the preparation of amides 2(a,b) was performed by peptide coupling with L-leucine and
L-valine, respectively (Scheme 1). For that purpose, TBTU was used as peptide coupling reagent in presence of
Hiinig’s base as tertiary amine.1% 1230 After chromatographic purification, compounds 2(a,b) were obtained in
high yields (96%).

Next, compounds 2(a,b) were saponified using LiOH followed by acidic work-up with H.SO4 1M to obtain
the corresponding carboxylic acids 3(a,b). Since furan system is sensitive to low pH, at which may result in
acid-catalyzed ring opening phenomena,®! special attention was required during the acidic work-up. Therefore,
the pH was carefully adjusted to 4 to prevent the formation of side-products. Both peptide products 3(a,b) were
isolated in good to very good yields (91-93%) with no detection of acyclic side-products (TLC, NMR) under
this protocol, as corroborated by the corresponding NMR spectral data (*H and *C-NMR, Figures S5-S8 of
SI). Carboxylic acids 3(a,b) were then coupled with either glycine (a) or L-alanine (b) methyl esters using the
same peptide coupling protocol, delivering 4(a,b)/5(a,b) in good to very good yields (79-94%).

Finally, pseudopeptides 4(a,b)/5(a,b) were converted into the corresponding C-terminal carboxamides
6(a,b)/7(a,b) upon treatment with gaseous ammonia in methanol, prepared in situ by reacting Ca(OH). and
NH4CI at 100 °C. The reactions proceeded cleanly, albeit it took about 48 h for complete conversion (TLC).
After the removal of the volatiles, C-terminal carboxamides 6(a,b)/7(a,b) were obtained in practically
quantitative yields (94-100%), without the need of chromatographic purifications. Following this synthetic

route 2-furoyl peptidomimetics were successfully prepared in high global yields (69-84%).

Pharmacology.

Eight novel MIF-1 peptidomimetics were tested for their ability to potentiate the maximum binding of the
radiolabelled agonist N-propylnorapomorphine, [*H]-NPA, to cloned human dopamine Dzs receptors and their
activity was compared to that of MIF-1 as described in the literature.® Peptidomimetics 4-7(a,b) were tested at
eight different concentrations in the range between 1 pM and 10 uM following the protocol previously reported
in our research group.® 12 The whole set of peptidomimetics was evaluated in silico to rule out these ligands
being promiscuous pan-assay interference compounds (PAINS) and/or aggregators.®? The experimental results

obtained for the binding assays are shown in Table 1 and Figure 2.
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Table 1. Experimental results for MIF-1 derivatives 4-7(a,b) in the D2R binding assays.

1
2
3 Cpnd | % [*H]-NPAmax | AUC | Log (1/Cmax)
4
5 da 11 53.72 10
6
7 4b 9 34.35 12
8
9 5a 11 27.25 10
1‘1) 5b 6 9.36 12
12 6a 11 12.98 11
13
14 6b nd 0 nd
15
16 7a 3 2.76 12
17
18 7b nd 0 nd
19 MIF-1 22 44.19 10
20
21
22
23
24
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54

55 Figure 2. Modulation of the [3*H]-NPA binding by 2-furoyl-based MIF-1 peptidomimetics 4-7(a,b) at eight

57 different concentrations. Points represent the mean + standard deviation (vertical bars) of three independent
58
59
60

experiments carried out with duplicates. *P < 0.05 (ANOVA test; post-hoc Dunnet T3 test).
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A statistically significant enhancement (P < 0.05; ANOVA test; post hoc Dunnet T3 test) of the [*H]-NPA
response was observed for peptidomimetic 6a (Figure 2). The maximum effect for 6a was 11 = 1% at 10 pM
against 22 + 9% for MIF-1 (positive control) at the same concentration (Table 1 and Figure 2). In respect with
the other peptidomimetics, no statistically significant increase in the [?H]-NPA binding was observed, therefore
no conclusion can be drawn for these compounds. In this work it was found that MIF-1 displays an increase in
the [*H]-NPA binding at lower concentrations than those previously reported by Verma and co-workers.®
Regarding that allosteric modulators are sensitive to environmental changes elicited by endogenous agonists on
GPCRs,® this deviation may be attributed to the host cells used for expressing human Dzs receptors, which
differ from the ones originally reported.®

The C-terminal carboxamide is widely recognized as a key pharmacophore for the activity of MIF-1 and its
peptidomimetics,>*® which is crucial for these compounds to adopt the postulated type-11 p-turn bioactive
conformation.3*® However, Saitton and co-workers suggested the possibility for an extended bioactive
conformation of MIF-1 through the development of bioactive peptidomimetics incorporating a 2,3,4-
trisubstituted pyridine scaffold as leucyl mimetic which cannot adopt the type-II p-turn.® Like MIF-1,
peptidomimetic 6a, displays the L-leucylglycinamide dipeptide motif, therefore, a type-II B-turn conformation is
envisioned for this compound. The simple substitution of proline residue by 2-Fu proved to effectively mimic
the MIF-1 modulatory activity at D2R allosteric binding site. The activity of 6a is thus considered of utmost
interest since it endorses previous findings that achiral and heteroaromatic scaffolds are tolerated in the putative
MIF-1 binding pocket, establishing proline as a key residue for derivatization in the development of MIF-1
analogues with PAM activity.

In vitro neurotoxicity profile of 2-furoyl MIF-1 peptidomimetics.

Low nonspecific cytotoxicity is an important feature of lead compounds in drug development. Therefore,
peptidomimetics 4-7(a,b) were evaluated to assess their neurotoxic profiles using culture of motor cortex
neurons from 19 day old Wistar-Kyoto (WKY) rat embryos.t* ** Hydrogen peroxide, H202, was selected as a
standard control for neurocytotoxity.*®"2% In fact, the majority of the in vitro neurotoxicity studies carried out
in cortical neurons uses H.0, as an effective inducer of oxidative stress.>” The use of H.O, creates an
imbalance between reactive oxygen species (ROS) levels and scavenging processes.’ Excessive cell exposure
to free radicals subsequently leads to neuronal death. In this assay, cellular viability was estimated based on the
ability of cells to reduce MTT after a 24 h incubation period with the test compounds (100 uM). The percentage
of cell viability was compared with the dimethyl sulfoxide (DMSO, negative control). All results are expressed
as mean = SEM of five independent experiments (Figure 3).
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Figure 3. Neurotoxicity assays for peptidomimetics 4—7(a,b) in cultured neurons from embryonic motor
cortices of fetal Wistar-Kyoto rats. Data are the mean + SEM of n = 5 independent experiments at 100 uM.
Negative control: DMSO; Positive control: 100 uM H20.. *Level of statistical significance: P < 0.05 vs.
DMSO condition by t test.

As expected, the stress inducer (100 uM H203) reduced the cell survival to 78.51 + 4.97% compared to the
non-treated cells control (P < 0.05). In this assay compounds 5a and 5b display a statistically significant
decrease in neuronal survival (91.34 + 1.50% and 91.13 + 3.20%, respectively, P < 0.05), in comparison with
DMSO condition, suggesting these peptidomimetics exhibit a marginal neurotoxicity. The cell viability was not
affected by the presence of the remaining test compounds when compared to the control (DMSQO). These results

indicate that 2-furoyl-based MIF-1 analogues display a safe profile up to 100 uM.

PTML-LDA linear models with one-fold reference and moving averages.

The application and combination of computational methods and predictive software tools in medicinal
chemistry are considered of utmost interest, which may help to identify, prioritize, and optimize novel
chemotypes with desired pharmacological activity profile.*® Computational models and algorithms capable to
make predictions on the activity using different conditions of assay with minimal computational cost are thus
highly desired. The development of computer-aided models drives molecular design and decision making in
drug discovery, boosting the identification of lead compounds while saving resources and time-consuming
assays, being therefore considered an important pillar of modern drug research.®

Considering the absence of a robust and general-purpose model for the multi-output and multi-condition
prediction of allosteric compounds in medicinal chemistry, we sought to fill this gap. To achieve this goal, we
developed and implemented ALLOPTML, abbreviation used to describe a novel predictive model for allosteric
modulators based on Perturbation Theory (PT) ideas and Machine Learning (ML) techniques, which may be
used for several types of systems and for a hundred different proteins. For this purpose, the pharmacological
data of peptidomimetics 4—7(a,b) disclosed in this work was used to train the model along with the 21439 cases
from 8984 different ChEMBL assays of 8957 allosteric compounds for 79 different proteins. For this task 12
different variables (co-11) were considered from the ChEMBL database Big Data (BD) sets of compounds
covering 38 biological activity parameters (co; e.g., efficacy, potency, intrinsic activity, 1Cso, Ki, Ku);
organisms of the protein target (c1; e.g., human, rat, mouse); organism of assay (c; e.g., rat, swine, herpesvirus
5); different cellular lines (cs; e.g., CHO, HEK293), and so on. The general workflow used in this paper to
obtain the PTML model is depicted in Figure 4.
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Figure 4. General workflow used to obtain the PTML model.

So far, finding allosteric binding sites and lead compounds has been largely serendipitous, accomplished by
medicinal chemists through preclinical assays performing high-throughput screening with a high number of
combinations of experimental conditions (caj). Besides, the existence allo-network drugs, i.e., allosteric
compounds that do not act directly over the pharmacological target but over a second protein which in turn
interacts directly or indirectly with the target protein makes this task even more challenging.®*! In addition to
experimental techniques, computational techniques can be used to predict new drugs against different targets.*?
In this sense, many researchers have developed Cheminformatics models for the discovery of new compounds.
Nevertheless, almost all these models are designed for homologous series of compounds, one target, and/or a
single cell line. Other models, instead, use heterogeneous series of compounds, although are unable to
incorporate information about the target, cell line, organism of assay, among other features.**® This drawback
can be partially faced by ML techniques through which diverse molecular descriptors, encoding the chemical
structure of different drugs, can be calculated.>®”® ML techniques have been already carried out to predict
allosteric pockets on proteins.”® Unfortunately, this method fail to account for large BD sets of preclinical
assays, such as the ChEMBL database, difficult to study due to the high complexity of the data in addition to
the huge volume of highly heterogeneous preclinical assays.’" /8

To tackle this problem we have associated PT and ML modeling.” 7. In fact, PTML (PT + ML) models
have been used in many fields of knowledge such as Medicinal Chemistry, Proteomics or Nanotechnology for
modeling large data sets with BD features.® -2 Probably due to the potential benefits of allosteric drugs, a
renewed interest in allostery has led to the development of a number of computational approaches to
understanding allostery.®® Nevertheless, to the best of our knowledge, a general-purpose PTML models for

multiple preclinical assays of allosteric compounds have not been reported yet.

10
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PTML-LDA linear models with one-fold reference and moving averages.

The domain of the PTML model is the array c; for all sub-sets (assays) with different standard experimental

conditions. PTML model starts with the expected value of a given activity and adds the effect of different

perturbations in the system. Therefore, the model has two types of input variables: the reference or expected-

value function f(Vvij)ret and the PT operators ADk(C;). The input variable f(vij)ret represents the expected value of a

particular biological activity for one compound in a given biological activity co. The other PT operators are

moving averages (MA) calculated for one sub-set of multiple conditions at time. The PT operators measure the

deviation of D from the expected value of <Dk(cj)> (average value) of this descriptor for different sets of drugs

¢j.%% Hence, we can calculate the PT operators as follow ADk(cj) = Dki - <Dk(cj)>. They depend on the value

of the molecular descriptors Dy of type k used to quantify the structure of the i™" molecule. In this work, the

specific molecular descriptors used are D1 = ALOGP (n-Octanol/Water Partition Coefficient) and D> = PSA
(Polar Surface Area), taken directly from ChEMBL data set.

Table 2. Principal PT operators used as input (Co-Cs)

MA Condition Operator Operator
Cj.l Symbol )
Type @ Formula Information
Activity | f(Vij)expt Expected value of probability p(f(Vvi})=1)expt
MA | co N(f(Vij)obs=1)/n; .
types for the activity vij of type co
Co Activity ADi(Co) ADk(cj,1) operators account for changes (A) on
type the chemical structure of the compound,
Ci| Orgs. |ADi(cy) D (D) quantified by the molecular descriptor Dk,
k — k(Cj
Assay : with respect to the expected value of the
C2 AD:1(C2)
Orgs. descriptor (D«(c;j,1)) for molecules assayed
cs| Cell line | ADa(c3) under the same single condition of assay c;.
ca| Target |ADi(ca)
ADk(cj,1) account for changes (A) on the
chemical structure of the compound,
) quantified by the molecular descriptor Dk,
Multiple i
- Dk — (Dk(cj)) | with respect to the expected value of the
MMA | ¢;j | Condition | ADk(c;) )
A descriptor (D«k(c;j)) for a molecules assayed
rray
under the same sub-set of multiple conditions
of assay at the same time represented by
selected cells of the matrix of conditions c;.

8MA = Moving Average operators vs. MMA = Multiple Moving Average operators
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Using linear discriminant analysis (LDA)®’ linear classification models can be developed. See details about
the form of a PTML linear model-equation on methods section. The equation of the best model found using this
kind of PT operators is the following:

f(vi'j)calc = —3.62490 + 8,82060 ~f(vi,j/c0)ref —0.02087 - AD,(c;) — 0.21686 - AD;(c3) + 0.02817 1)

- AD,(c3) + 0.33521 - AD; (c,) + 0.01765 - AD,(c4) — 0.01966 - AD, (cg)
n=16080 x2= 3927.97 p<0.05

The statistical parameters of the model are: the number of cases used to train the model, n; the Chi-square
test, x2; and the p-level, p. In Table 2 it is shown a more detailed explanation about all the input variables
analyzed to seek the PTML-LDA linear model. The output of the model f(vij)cac is a scoring function of the
value vij of biological activity of the i drug in the conditions of assay ¢;j. In the particular case of an LDA
model f(vij)caic is not a probability and therefore it is not in the range 0-1. However, for a given value of f(vij)calc,
the LDA algorithm, which uses the Mahalanobis’s distance metric,®’ can calculate the respective values of
posterior probabilities p(f(vij) = 1)pred.

After calculating p(f(vij) = 1)pred it can be easily calculated the Boolean function f(vij)pred = 1 when p(f(vi) =
1)pred > 0.5 or f(Vij)pred = O otherwise. The values of f(Vij)pres = 1 or 0 must be compared with the respective
observed values f(vij)obs = 1 or 0 to calculate the specificity (Sp, (%)), sensitivity (Sn, (%)), and overall accuracy
(Ac, (%)) of the model. Hence, when f(vij)pred = f(Vij)obs the case is correctly classified.®” The present one-
condition moving averages model resulted in values of Sp = 79.7 %, Sn = 68.6 %, and Ac = 77.8 % in training
series and in very similar values in external validation series. It is worth mentioning that the data points
(compound-assay pair) used in validation series have not been used to train the model.

We used the forward-stepwise strategy®’ of variable selection to detect the more important perturbations on
different conditions c; related to pharmacologic property, like assay organism, cell line, among others. See
details about these variables on Table 2. In this particular model the ML-selected operators measure
perturbations on the values of ALOGP (D1) and PSA (D2) compared to other sub-sets c; of drugs where ¢j is: 1,
organisms; cs, cell line; c4, ChREMBL targets and cs, binding domains. The parameters ALOGP and PSA are
extensively used in Medicinal Chemistry. While ALOGP is related to the lipophilicity, PSA strongly reflects
the hydrogen bonding capacity and polarity of a given drug.®® Accordingly, these parameters mirror the ability
of drugs to pass through biological membranes or interact with protein hydrophobic pockets. For example, for
any drug designed to act on receptors in the central nervous system it is assumed that a PSA less than 90 A? is
required to be capable of penetrating the blood—brain barrier.%% 1%

This model can be used to estimate the activity of a putative new allosteric modulator in different conditions
of assay. To begin with, the expected probability of activity p(f(vij)ons =1)ref Mmust be substituted on the equation,
see Table 3.

12
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Table 3. One-condition averages, cutoff, desirability d(co), among others, for selected biological parameters.

Condition co? Input parameters used to specify co,°

Activity <Di(co)> <D2(Co)> nj(Co) nj(f(Vvij) = Lobs P(F(Vij) = L)rer  cutoff  d(co)
Potency (nM) 2.93 83.57 8173 128 0.016 100.0 -1
ECso (NM) 351 69.15 4177 649 0.155 100.0 -1
ICs0 (NM) 3.43 71.60 2256 432 0.191 100.0 -1
Activity (%) 3.63 73.74 1500 593 0.395 48.9 1
Yomax (%) 3.50 82.28 1123 487 0.434 70.9 1
Emax (%) 3.66 64.44 941 215 0.228 128.3 1
Inhibition (%) 5.03 84.22 777 424 0.546 40.8 1
Efficacy (%) 4.20 80.19 144 85 0.590 55.5 1
Allosteric

Enhancer (%) 4.04 75.37 132 47 0.356 22.2 1
Ki (nM) 4.14 130.73 58 24 0.414 100.0 -1

aCondition ¢j = co = subscript j refers to the type of activity parameter measured; subscript | are the levels of the j™ condition (specific

pharmacological parameters).

Note that these values change for different activities, like potency (nM), inhibition (%), 1Cso (nM), activity
(%), Emax (%), etc. Therefore, this model can predict different kinds of activity parameters (co) for any
compounds. For that, the values of ALOGP and PSA for the new compound (taken from ChEMBL or
calculated with software) must be fitted in the model.

The expected values of probability, p(f(vij)obs = L)expt, must be calculated by the formula: p(f(Vij)obs = 1)ref =
n(f(vi)) = 1)obs/nj. Where, n(f(vij) = 1)obs is the number of compounds with a desired level of activity for the
condition ¢j and n; is the number of compounds assayed for the same condition c;j. The desired level of activity
of a compound is f(vij)obs and when that particular co is desirable f(vij)obs is defined to be 1, or else it is set as 0.
However, depending on the desirability (d(co)) of a given activity there are two ways to set f(vij)ons = 1. For a
property desirability d(co) = 1 and when the value of activity is greater than its cutoff (vij > cutoff) the desired
level of activity is f(vij)obs = 1. A compound also has a desired level of activity f(vij)ors = 1 when the value of
activity is smaller than its cutoff (vij < cutoff) for not desirable properties, i.e., d(co) = -1. Otherwise, the
compound is not considered to have a desired level of activity so f(vij)obs is set as 0. Therefore, it is essential to
realize that for properties of the compound that we want to maximize, such as activity (%), the property
desirability d(co) is set as 1, otherwise d(co) is set as -1 (e.g., ECso (nM)). The cutoff for any particular activity
(vij) was set as the average (cutoff = <vj;>) of all the values of that activity unless it is described with units in

nM (e.g., ICso), in which case the cutoff was set as 100 nM.

13

ACS Paragon Plus Environment



oNOYTULT D WN =

In order to predict a new compound, the expected values of the molecular descriptors Dk(c;) (ALOGP and
PSA) for different conditions (<Dk(c;j)>) must be included in the model. Table 4 shows selected values of the
averages <D1(cj)>. Note that these values change for different conditions, so the model gives a different result
for one compound if a condition is changed. For instance, <Di(cj)> = 3.44 for H. sapiens and <D1(cj)> = 3.51
for M. musculus. Consequently, the model is able to predict a different activity in human and mouse for the

same drug. The full list of the values of one-condition moving averages appears in the supplementary material

file S100.xIsx.
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Table 4. One-condition averages and number of cases for selected conditions of assay.

Condition c1 Parameters used to specify c1 | Condition ¢y Parameters used to specify c:
Org. of target <Di(c1)> <D2(c1)> nj(ca) Org. of target <Di(c1)> <D2(c1)> nj(ca)
H. sapiens 3.44 76.40 15564 | Glycine max 6.40 63.31 4

R. norvegicus 3.55 75.90 3075 H. herpesvirus 5 4.15 47.45 18
Mus musculus 3.51 66.39 107 S. scrofa 3.82 75.43 34
Condition ¢ Parameters used to specify c | Condition ¢ Parameters used to specify c
Assay organism [<Di(c2)> <D2(c2)> nj(co) Assay organism <Di(c2)> <D2(c2)> nj(co);
H. sapiens 3.43 76.99 15046 | Glycine max 6.40 63.31 4

R. norvegicus 3.35 76.68 3550 H. herpesvirus 5 4.15 47.45 36
Mus musculus 3.29 70.12 130 S. scrofa 3.82 75.43 12
Condition c3? Parameters used to specify cs | Condition c3? Parameters used to specify c3
Cell line <Di(c3)> <D2(c3)> nj(cs) Cell line <Di(c3)> <Dg2(c3)> nj(ca)
CHO 4.23 79.13 1924 CHO-K1 3.06 88.96 277
HEK293 3.54 57.83 1715 PAM 3.32 76.43 12
Condition c4° Parameters used to specify ¢4 | Condition c4® Parameters used to specify ca
Target <Di(cs)> <D2(cs)> nj(ca) Target <Di(cs)> <D2(cs)> nj(ca)
GABAA 2.76 83.41 2650 AR 5.31 83.99 1598
Caspase-1 2.92 85.12 2870 MGIuRs 3.04 66.42 1322
Caspase-7 2.94 85.58 2283 M1R 3.03 68.68 841

aSpecies full name: Homo sapiens, Mus musculus, Rattus norvegicus and Sus scrofa. ® A;R, Adenosine A; receptor; GABAA, y-

Aminobutyric acid type A receptor; mGIluRs, Metabotropic glutamate receptor 5; M1R, Muscarinic acetylcholine receptor M1,

PTML-LDA model with m-fold moving averages.

The PT operators used in the previous model are based on single-condition averages (the simplest case).
There is another possibility of calculating PT operators based on multi-condition averages (MMA) 1. It means
that the average calculation runs over all cases with the same set of conditions c;. Recall that, in this context, c;
(with c in boldface) refers to a vector of multiple conditions ¢j = (Co, ..

of all conditions together or all the conditions from the previous model. However, it is possible to calculate the

ACS Paragon Plus Environment
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averages using different combinations of conditions. For instance, some conditions suggested by the previous
approximation (c1, ¢z and c4) and some other conditions essential to be in the model (co, biological activity; and
C2, assay organism) can be forced into a new model. Therefore, considering that the simpler the model the better

it is, the MMA equation ended up as follows:

f(vi]-)mlc = —5.19375867457001000 + 11.75070469825080000 -f(vi]-/co)ref 2

+ 0.12834055618459200 - AD;(cg, ¢4,C5,C3,C4) + 0.00671023382639323
- AD(cg, €1, €5, C3,C4)

n=16080 x?= 8556.26 p < 0.05

In training series, the model presented high values of specificity, Sp = 89.2%; sensitivity, Sn = 71.3%; and
accuracy, Ac = 86.1%. Likewise, the MMA model was also reliable in external validation series: Sp = 89.4%,
Sn =72.2%, and Ac = 86.4%. These values are in the range considered as useful for classification models with
application in Medicinal Chemistry.1%? In Table 5 the results obtained with this model are compared with the
ones from the 1-fold PTML model with simple MAs (one MA for each experimental condition and descriptor).

As can be noted the PTML model with m-fold MMAs (one MMA include all experimental conditions) has
higher values of Sp, Sn, and Ac. Specifically, Sp increased approximately 10% with respect to the MA model,
Sn surpasses the line of 70%, and Ac was over 85% both in training and validation series. This is an important
improvement taking into consideration that the number of variables was reduced from 7 variables in the first

model to only 3 variables in the second one, decreasing the possibilities of chance correlation.'%3

Table 5. Comparison of 1-fold vs. 4-fold moving average PTML-LDA models.

PTML Data Obs. Stat. | Stat. Predicted sets
Model Series Sets?  |Parm.| (%) nj | f(Vij)prea = 0| F(Vij)prea = 1
1-fold | Training |f(vi)os=0| Sp |79.7[13272| 10578 2694
(7 vars) series  |f(viobs=1| Sn |68.6 | 2808 883 1925
(r1=0.50)| Total Ac | 77.8 116080
Validation | f(vij)ors=0| Sp |80.3 | 4418 3547 871
series  |f(Vi)obs=1| Sn |69.9| 941 283 658
Total Ac | 78.5| 5359
4-fold Training | f(Vvij)os=0| Sp |89.2 |13272 11845 1427
(3 vars) series | f(vij)obs=1| Sn |71.3 | 2808 807 2001
(r1=0.55)| Total Ac |86.1|16080
Validation | f(vij)obs=0| Sp |89.4 | 4418 3951 467
series  |f(ViJobs=1| Sn |72.2| 941 262 679
Total Ac |86.4| 5359
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Similarly to previous equation, the input variable f(vij)expt represents the expected value of biological activity

for one compound but in different combinations of experimental conditions ¢j = (Co, C1, C2, ...

Cj...

Cmax), See

analogy with the previous model. The other PT operators (called MMAS) are also MA operators but calculated

for multiple conditions at the same time. MMASs operators depend also on the value of the molecular descriptors

Dxi of type k used to quantify the structure of the i drug. However, in this case the average value (Dk(c;)) runs

over multiple conditions at the same time. It means the MMASs operators can be calculated as follows: ADk(%c;)

= D« — (D«(cj)). However, it should be noted that in MMAs the c¢; (in boldface) denotes an array of multiple

categorical variables, see experimental conditions in Table 6. Conversely, in one-condition MAS c;j denotes a

single condition.

Table 6. Top-25 most populated assays in the data set.

Ci Co C1 C2 C3 C4 Assay & Conditions

Assay Actv. Target Assay Cell Target Count
(@  (Units) Org.® Org.? Line® ID Assay Co C1 C2 C3 cs Target®
1 Potency (nM) Hs Hs nd 4801 | 2870 8173 15550 15033 17519 2870 C1
2 Potency (hM) Hs Hs nd 3468 2283 8173 15550 15033 17519 2283 C7
3  Potency (nM) nd nd nd 612545 1976 8173 2650 2686 17519 2650 nd
4  Potency (nM) Hs Hs nd 2056 773 8173 15550 15033 17519 773 DiR
5 1Cs (NM) Rn Rn nd 2564 455 2256 3058 3533 (17519 1321 mGIuR5
6  ECso (nM) Hs Hs HEK293 3227 370 4177 15550 15033 1709 1873 mGIuR5
7 Activity (%) Hs Hs CHO 226 363 1500 15550 15033 1922 1592 AR
8  ECso (nM) Hs Hs nd 3772 331 4177 15550 15033 17519 812 mGIuRl
9  ECs (nM) Hs Hs nd 2736 322 4177 15550 15033 17519 807 mGIuR4
10  ICso (NM) Hs Hs HEK293 3227 274 2256 15550 15033 1709 1873 mGIuR5
11 ECso (NM) Hs Hs nd 3227 269 4177 15550 15033 17519 1873 mGIuR5
12 Inhibition (%) Hs Hs nd 226 268 | 777 15550 15033 17519 1592 AR
13 Potency (nM) Hs Hs nd 1810 266 8173 15550 15033 17519 266 TRHR
14  FC (a.u.) Hs Hs CHO 226 265 | 631 15550 15033 1922 1592 AR
15  ICso (NM) Hs Hs nd 3772 229 2256 15550 15033 17519 812 mGIluR1l
16 ECso (NM) Rn Rn nd 2564 202 4177 3058 3533 {17519 1321 mGIuR5
17 ICso (NM) Rn Rn nd 3067 194 2256 3058 3533 (17519 445 mGIuR3
18 ECso (NM) Rn Rn HEK293 2564 191 4177 3058 3533 1709 1321 mGIuR5
19  ICso (NM) Hs Hs nd 3227 189 2256 15550 15033 17519 1873 mGIuR5
20  %max (%) Hs Hs nd 3772 185 1123 15550 15033 17519 812 mGIuRl
21  ECso (nM) Hs Hs nd 216 180 417715550 15033 17519 839 MIR
22 Inhibition (%) Hs Hs CHO 226 172 | 777 15550 15033 1922 1592 ALR
23 Emax (%) Hs Hs HEK293 3227 166 941 15550 15033 1709 1873 mGIuR5
24 1P (nM) Hs Hs CHO 216 150 [ 204 15550 15033 1922 839 MIR
25  %max (%) Rn Rn nd 2564 149 1123 3058 3533 (17519 1321 mGIuR5

3 Hs, Homo sapiens; Rn, Rattus norvegicus. ® HEK293, Human Embryonic Kidney 293 cells; CHO, Chinese hamster ovary cells. ©

mGIuR, Metabotropic glutamate receptor; M1R, Muscarinic acetylcholine receptor 1; AlR, Adenosine Al receptor; TRHR,

Thyrotropin-releasing hormone receptor; C1, Caspase-1; C7, Caspase-7; nd, not determinated.
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LDA models are Bayesian methods in the sense that they calculate the posterior probabilities p(f(vij) = 1)pred
taking into consideration the prior probability p(f(vi) = 1)prior.”” This is the probability with which all
compounds presented the desired classification f(vij)pred = 1. In this paper the prior probability was set as p(f(vij)
= 1)prior = 0.8 for the best model found. In fact, the value of 2 is 8556.3 with a p-level < 0.05 indicating that the
classifier performs a statistically significant separation of both classes (f(vij)obs = 1 vs. f(Vij)obs = 0). It can be
argued that this kind of multi-condition variable may be less revealing since there seems to be an information
lost as all conditions of the same assay are merged together into a single input variable. However, despite this
apparently simpler approach, the fact that a lot of information is considered and merged makes this a more
powerful model. The activity of a new compound can also be predicted through this model.

Conversely, PT operators, sensible to changes on multiple conditions at the same time, are needed. Thus, the
new PT operators are the expected probability pj(f(vij) =1/cj)expt and the average values <Ds,2(cj)> for multiple

conditions at the same time, see for some examples in Table 7.

Table 7. Selected values of 5-fold multi-condition averages.

Multi-condition assays 2 Multi-condition input parameters
Activity Organism Assay Org. | Cell line Target Averages Count & Probs
Co C1 c2 C3 C4 <Da(cj)> | <Da2(cj)> | nj(cs) | f(Vij)re
Potency _ ]
H. sapiens H. sapiens DiR 0.49 -51.29 | 8173 | 0.140
(nM)
ECso(nM) | H. sapiens H. sapiens CHO AR 2.80 24.85 | 4177 | 0.667
Activity ) ]
) R. norvegicus | R. norvegicus CHO MGIuR4 1.09 -16.76 | 1500 | 0.781
0
HHV-5
ECso (M) HHV-5 HHV-5 HEK?293 ) 0.60 520 | 4177 | 0.000
chemokine
Activity ] ]
) H. sapiens H. sapiens HEK?293 CB:1 -0.18 35.10 | 1500 | 1.000
0
%max (%) | H. sapiens H. sapiens | CHO-K1 M4R -0.65 37.93 | 1123 | 0.321
ECso(nM) |  Sus scrofa Sus scrofa M2R 2.26 -17.48 | 4177 | 0.417
ICs0 (NM) | Mus musculus | Mus musculus MGIuRs 1.26 1.27 | 2256 | 0.000
Activity ) )
) R. norvegicus | R. norvegicus | HEK293 NK:2 1.10 -25.98 | 1500 | 0.457
0
Inhibition _ )
) H. sapiens H. sapiens HEK?293 CB:2 1.72 -12.80 | 777 | 0.381
0

8H. sapiens, Homo sapiens; R. norvegicus, Rattus norvegicus; HHV-5, Human cytomegalovirus (HHV-5, Human herpesvirus 5); D:R,
Dopamine D; receptor; AR, Adenosine A; receptor; mGIuR Metabotopic glutamate receptor; HHV-5 chemokine, HHV-5 chemokine
receptor; M4R, Muscarinic acetylcholine receptor M4; M2R, Muscarinic acetylcholine receptor M2; CB1, Cannabinoid CB; receptor;
CB,, Cannabinoid CB; receptor; NK3, Tachykinin receptor 2; HEK293, Human Embryonic Kidney 293 cells; CHO, Chinese hamster
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ovary cells; CHO-K1, A subclone of the parental CHO cell line. ® Expected probability of biological activity p = p(f(vi)= 1/Cj)ret =
n(f(vij)= 1/c;)/ n(c;), where n(f(vij)= 1/c;) is the number of cases with f(vij)= 1 and measured under the set of conditions c;. The
denominator is the number of cases n(c;) measured under the set of conditions c; irrespective of the value of f(vij)= 1 or 0. Please, note

that multi-condition parameters depend on a vector of conditions c; (denoted in boldface) and not on a single condition c;.

Computational study on the 2-furoyl-based MIF-1 peptidomimetics.

After training and validating the ALLOPTML model, we decided to illustrate how to use it by providing a
detailed step-by-step guide to calculate the posterior probabilities with a practical example. In so doing, the
series of peptidomimetics 4-7(a,b) were used for this purpose in different assay conditions c; (target proteins,
cell lines, assay organisms). Firstly, the chemical structures of peptidomimetics 4-7(a,b) were drawn using
ChemDraw software to obtain their SMILE codes. Then, the file containing all SMILE codes was created and
uploaded to Virtual Computational Chemistry Laboratory (VCCLAB, http://www.vcclab.org, 2005)% in order
to calculate the molecular descriptors Dk (LogP, PSA) for each compound. Since the goal was to illustrate how
to operate the model only a few assay conditions were selected. After that, the function of reference f(Vij)ref
(expected probability of activity) values for each assay were obtained from Supporting Information file
(S100.xlIsx). Using this file, the expected or average values <Dk(cj)> of the molecular descriptors Dk were also
obtained for all compounds assayed on these conditions. With these values in hand, we calculated the MMASs
operators ADx(cj) for each compound vs. every set of experimental conditions selected. Subsequently, f(Vij)ret
and ADk(cj) values were substituted into the equation of the model to obtain the values of the output function
f(Vij)calc. Lastly, these values were used to calculate the posterior probabilities p(f(vij)pred = 1); with which the
compounds may be considered as candidates for assay according to our criteria. The equation used to calculate
this probabilities was a sigmoid function p(f(Vij)pres = 1) = 1 /(1 + (mo/m1)-EXp(-f(Vij)carc). Recall that w1 =1 - o
are the probabilities (defined before to seek the model) with which a compound may considered as active
f(Vij)prea = 1 or non-active and f(Vij)pred = 0, @ priori.

In Table 8 are listed the results obtained for the selected examples including different co = Activity
parameter (units) such as Effective 50% concentration ECso(nM), Maximun Effect Emax(%), and Inhibition(%)
= Inhibition(%). The examples also involve two different organisms (Human and Rat) expressing the protein
target and organisms of assays (c1 and c2). We also changed the condition c3 = cell line of assay (HEK293,
CHO) and the condition c4 = target proteins (MGIuR5 and mGIuR2). Interestingly, the model predicts a similar
behavior for all the series of compounds in the same conditions, which is reasonably for a homogeneous series
of compounds. The model predicts low probabilities of having interesting ECso(nM) values for mGIuRS5, but
high probabilities of Inhibition(%) for the same receptor. This may be indicative that this set of

peptidomimetics display activity on human mGIuR5 but perhaps at higher concentrations.
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Table 8. PTML predictive study of new compounds.

Co ECso(nM)  Emax(%) Yomax Inhibition(%)
C1 H.sapiens H.sapiens R. norvegicus H. sapiens
Assay C2 H. sapiens H. sapiens R. norvegicus H. sapiens
C3 HEK293 CHO null HEK?293
C4 mGIuR5 mGIuR2 mGIuR2 mGIuR5
4a 0.042 0.087 0.404 0.796
4b 0.039 0.082 0.388 0.785
5a 0.043 0.090 0.413 0.802
5b 0.041 0.085 0.397 0.791
Cmpnd 6a 0.041 0.085 0.397 0.791
6b 0.038 0.078 0.378 0.778
7a 0.042 0.087 0.403 0.796
7b 0.040 0.083 0.392 0.787
MIF-1 0.036 0.076 0.368 0.770

mGIuR5 = Metabotropic glutamate receptor 5 (CHEMBL2564 in Rat and CHEMBL3227 in Human);
mGlu2 = Metabotropic glutamate receptor 2 (CHEMBL5137 in Human and CHEMBL 2581 in Rat).

3. Conclusions

The use of 2-Fu for the assembly of MIF-1 peptidomimetics is unprecedented. In this work, a small library
of MIF-1 peptidomimetics bearing 2-Fu as proline surrogate was successfully obtained and pharmacologically
evaluated towards D.R. Remarkably, compound 6a stands out as D2R modulator by increasing in the maximal
[*H]-NPA response at 10 pM (11 + 1%), comparable to the effect of MIF-1 (22 + 9%) at the same concentration
with no neurotoxic effect up to 100 uM in cortex neurons of Wistar-Kyoto rat embryos. These findings
corroborate that D2R allosteric binding site can accommodate heteroaromatic rings at N-terminal position of
MIF-1, establishing furan as a suitable heterocyclic scaffold to be used as proline surrogate for the assembly of
MIF-1 analogues. Consequently, 6a is considered a valid lead compound for further optimization, paving the
way for the discovery of adequate candidates to treat of CNS-related diseases. Exploration of other furan motifs
are currently underway in our research group and will be disclosed in due time.

The topology of a complex network of allosteric modulators was constructed and studied delivering a
predictive model, ALLOPTML, which shows remarkable specificity Sp = 89.2/89.4% and sensitivity Sn =
71.3/72.2% in training/validation series. The linear model with multi-condition MAs proved to be superior to a
linear model with simple condition MAs. To the best of our knowledge, ALLOPTML is the first general-
purpose medicinal chemistry tool using PTML model for the multi-output and multi-condition prediction of
allosteric compounds, which is expected to be a valuable chemoinformatic tool to assist in the early drug

discovery, saving both time and resources.
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4. Methods
Computational Methods
ChEMBL Data pre-processing.

Firstly, a large and complex data set of preclinical assays of allosteric modulators from ChEMBL database
was downloaded. The data include molecular descriptors of the structure of the drugs Dk (input continuous
variables) and several discrete variables for assay specifications. We used a 2D arrange cj of 12 different
experimental conditions of the assay to summarize all the specifications of the preclinical assays (discrete
variables) in the data set. These conditions include, but are not limited to, 38 biological activity parameters co
with levels: co,1 = efficacy, co2 = potency, co3 = ICso, etc. The arrange also includes different organisms cy, with
levels c1,1 = human, ci12 = rat, c13 = mouse, etc. Another experimental condition is cellular lines used in the
assay Cz, with levels c2,1 = CHO, ¢22 = HEK293, etc., and so on. Next, we used as input variables different PT
operators with form of multi-condition moving averages ADk(c;) to train the model.

As we stated above, the first condition c; is the type of biological activity measured with values vi; levels
(ICso, ECso, etc.). The values of vij compiled are not exact numbers in many cases. In fact, many of them
appears in ChEMBL with a >, <, and/or = symbol. Eliminating this data could lead to an important reduction in
the large of the dataset with the consequent loss of biologically relevant information. In addition, many of the
biological activity values vij; are desired to be as high as possible; e.g., Inhibition(%). However, other values of
the biological activity values vi; are desired to be as low as possible; e.g., I1Cso, ECsg, etc. That is why we
decided to use classification techniques instead of regression methods. Using a classification technique, the
original values vi; can be assigned into two one of two possible classes (active or interesting compounds vs. not
active or control group). In so doing, the real numerical values of vij were converted into a Boolean variable
f(vij)obs. In order to construct this variable, two parameters called cutoff(co) and desirability d(co), were defined.

The cutoff(co) is the threshold value to consider vjj as high or low. The desirability gets the values d(co) = 1
or -1 for properties that are desired to be as high or as low as possible, respectively. After that, the function
f(Vvij)obs IS calculated as f(vij)obs = 1 when vi; > cutoff and d(co) = 1 (see Table 2). The function is also f(Vij)obs = 1
when vj; < cutoff and d(co) = -1; f(Vvij)obs = O otherwise. The value f(vij)ons = 1 points to and strong effect of the

compound over the target.

PTML linear model. PTML modeling technique is useful to seek predictive models for complex datasets with
multiple BD features.% 1% We can predict scoring function values f(vij)caic for the i compound in the j™
preclinical assay with an specific sub-set of conditions of assay selected out of multiple conditions of assay ¢j =
(Co, C1, C2, ...cjmax). PT operators similar to Box-Jenkins MA operators are used as input.”> ’® PTML linear
models have the following form:

F) e = 20 + a1 (Vi) + ZiZ0525 axy - ADk(y) (3)
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Experimental Methods

Chemistry. All chemicals were of reagent grade and used without further purifications: 2-furoic acid was
obtained from Alfa Aesar; O-(Benzotriazol-1-yl)-N,N,N',N'-tetramethyluronium tetrafluoroborate (TBTU), H-L-
Leu-OMe, H-L-Val-OMe, H-L-Ala-OMe and H-Gly-OMe were obtained from Bachem and N,N-
diisopropylethylamine (DIEA) was obtained from Sigma-Aldrich. All air sensitive reactions were carried out
under argon atmosphere. Analytical TLC was carried out on precoated silica gel plates (Merck 60 F2s4, 0.25
mm) using UV light and an ethanolic solution of phosphomolybdic acid (followed by gentle heating) for

visualization. Flash chromatography was performed on silica gel (Merck 60, 230-240 mesh).

Apparatus. Mass spectra were recorded on a LTQ OrbitrapTM XL hybrid mass spectrometer (Thermo Fischer
Scientific, Bremen, Germany) controlled by LTQ Tune Plus 2.5.5 and Xcalibur 2.1.0 (Centro de Materiais da
Universidade do Porto, CEMUP). The capillary voltage of the electrospray ionization source (ESI) was set to
3.1 kV. The capillary temperature was set at 275 °C. The sheath gas was set at 6 (arbitrary unit as provided by
the software settings). The capillary voltage was set at 35 V and the tube lens voltage set at 110 V. *H- and *C-
NMR spectra were recorded at CEMUP with a Bruker Avance Il 400 at 400.15 MHz and 100.62 MHz,
respectively. The NMR spectra were calibrated using residual solvents signals (CDCl3: 6n = 7.26, dc = 77.16;
CD30D: 6n = 3.31, dc = 49.00 and DMSO-dg: 6 = 2.50, dc = 39.52)1" and are reported in ppm. The
nomenclature used for the assignment of protons and/or carbons for each a-amino acid residue in
peptidomimetics was made using a single letter system in subscript for the amino acid residue (Leu: L-leucine;
Val: L-valine, Ala: L-alanine; Gly: glycine) and indicating the proton (or group of protons) and/or the carbons in
the structures by starting the numeration at the carbonyl carbon of the main chain of each a-amino acid residue.
Optical rotations were measured on a JASCO P-2000 thermostated polarimeter using a sodium lamp and are
reported as follows: af expressed in (°) (dm™) (g), in which @ is temperature in Celsius and ¢ (g / 100 mL,
solvent). Melting points were determined using a STUART Scientific, model SMP1, and are not corrected.
Solvents were evaporated in a Biichi rotavapor model R-210.

General protocol for peptide coupling — Synthesis of 2(a,b), 4(a,b), and 5(a,b). The appropriate carboxylic
acid (1 equiv.) was charged in a round bottom flask and dissolved in anhydrous CH.Cl, (50 mL), under argon
atmosphere, followed by iterative addition of DIEA (3 equiv.) and TBTU (1.1 equiv.), with stirring for 30 min
at RT. Finally, the appropriate amine (1.2 equiv.) was added and the reaction was left stirring for approximately
1 h. After completion of the reaction (TLC), CH>Cl> was removed in vacuo and the crude oil was dissolved
with EtOAc (100 mL) and transferred to a separatory funnel. The organic layer was washed with saturated
solutions of NaHCO3 (3 x 100 mL) and NaCl (100 mL) and dried over anhydrous Na>SOa. After filtration, the

solvent was removed in vacuo and the crude oil was chromatographed as specified for each peptide product.
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General protocol for saponification — Synthesis of pseudodipeptides 3(a,b). Pseudodipeptide methyl ester (1
equiv.) was charged in a round bottom flask, dissolved in MeOH (50 mL), and the solution was cooled at 0 °C
using an ice bath with magnetic stirring. Then, LiOH (3 equiv.) were slowly added during a period of 30 min
and left stirring until complete consumption of the starting material (TLC). The solvent was removed in vacuo
(at 40 °C) and the crude solid was then dissolved in water (20 mL), cooled at 0 °C using an ice bath with
magnetic stirring. After that, 1 M H>SO4 was carefully added until pH = 4. The solvent was distilled off (at 40
°C) and the crude solid was then triturated with hot CHCIs and filtered. Removal of the volatiles were

performed in a rotatory evaporator to afford the desired compound without further purifications.

General protocol for C-terminal carboxamide — Synthesis of pseudotripeptides 6(a,b) and 7(a,b).
Pseudotripeptide methyl ester (1 equiv.) was charged in a reaction flask and dissolved in MeOH p.a. (40 mL).
The solution was cooled at 0 °C using an ice bath and gaseous ammonia (generated in situ by mixing NH4Cl
and Ca(OH)2 2:1 (w/w) at 100 °C using an oil bath) was bubbled into the reaction flask. The ammonia stream
was maintained for 1 h and the reaction was left stirring at room temperature (ca. 25 °C) until completion (ca.
48 h, TLC). Removal of the volatiles were performed in a rotatory evaporator to afford the desired compound

without the need of chromatographic purification.

Methyl 2-furoyl-L-leucinate (2a). Following the general protocol for peptide coupling, to a solution of 2-Fu
(1.00 g, 8.92 mmol) in anhydrous CH2Cl> (30 mL) was added DIEA (4.66 mL, 26.8 mmol), TBTU (3.15 g,
9.81 mmol) and methyl L-leucinate hydrochloride (1.94 g, 10.7 mmol). After the typical work-up, the crude oil
was chromatographed using EtOAc as eluent, affording 2.05 g of 2a as a white solid. Yield: 96%. m.p.: 83-87
°C. Ry: 0.84 in EtOAc. [a]3*: +8.3 (c1, CHCI3). *H-NMR (CDCls, 400 MHz) § ppm: 7.56 — 7.36 (m, 1H, H-5),
7.23-7.00 (m, 1H, H-3), 6.77 (d, J = 8.0 Hz, 1H, CONH), 6.59 — 6.38 (m, 1H, H-4), 4.82 (dt, J = 8.6, 4.9 Hz,
1H, Hieu-2), 3.76 (s, 3H, CO,CH3), 1.89 — 1.52 (m, 3H, Hieu-3 + Hiew-4), 1.11 — 0.82 (m, 6H, Hieu-5). 3C-
NMR and DEPT (CDCls, 101 MHz) § ppm: 173.4 (C, CO2CHz), 158.1 (C, CONH), 147.6 (C, C-2), 144.2
(CH, C-5), 114.8 (CH, C-3), 112.3 (CH, C-4), 52.4 (CHs, CO2CHs3), 50.4 (CH, CLeu-2), 41.9 (CH2, CLeu-3), 25.0
(CH, CrLeu-4), 22.9 (CH3, CiLeu-5), 22.0 (CH3, CLeu-5). HRMS (ESI-TOF) m/z: [M + H]* Calcd for C12H1sNO4™
240.12303; Found: 240.12312.

Methyl 2-furoyl-L-valinate (2b). Following the general protocol for peptide coupling, to a solution of 2-Fu
(1.5022 g, 13.403 mmol) in anhydrous CH2Cl> (30 mL) was added DIEA (7.00 mL, 40.2 mmol), TBTU
(4.7340 g, 14.743 mmol) and methyl L-valinate hydrochloride (2.6960 g, 16.084 mmol). After the typical work-
up, the crude oil was chromatographed using EtOAc as eluent, affording 2.8981 g of 2b as a white solid. Yield:
96%. m.p.: 75-78 °C. Rt: 0.89 in EtOAc. [a]3: +9.0 (c1.015, CHCI3). 'H-NMR (CDCls, 400 MHz) & ppm:
7.45 (dd, J = 1.8, 0.8 Hz, 1H, H-5), 7.10 (dd, J = 3.5, 0.8 Hz, 1H, H-3), 6.80 (d, J = 8.3 Hz, 1H, CONH), 6.48
(dd, J = 3.5, 1.8 Hz, 1H, H-4), 4.70 (dd, J = 9.0, 5.0 Hz, 1H, Hva-2), 3.74 (s, 3H, CO2CH3), 2.24 (dhept, J =

6.9, 5.1 Hz, 1H, Hva-3), [0.98 (d, J = 6.9 Hz, 3H), 0.95 (d, J = 6.9 Hz, 3H), Hva-4]. *C-NMR and DEPT
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(CDCls, 101 MHz) & ppm: 172.4 (C, CO,CHs), 158.2 (C, CONH), 147.7 (C, C-2), 144.2 (CH, C-5), 114.8 (CH,
C-3), 112.3 (CH, C-4), 56.8 (CH3, CO2CH3), 52.3 (CH, Cvai-2), 31.6 (CH, Cva-3), 19.1 (CH, Cva-4), 17.9 (CH,
Cva-4). HRMS (ESI-TOF) m/z: [M + H]* Calcd for C11H16NO4*: 226.10738; Found: 226.10738.

2-Furoyl-L-leucine (3a). Following the general protocol for saponification, to a solution of 2a (0.8034 g, 3.360
mmol) in MeOH (30 mL) was added LiOH (0.2414 g, 10.08 mmol). After the typical work-up, 0.7038 g of 3a
was obtained as a white solid. Yield: 93%. m.p.: 81-84 °C. Rt: 0.09 in EtOAc. [a]3*: +8.3 (c1, CHCI3). 'H-
NMR (CDCls, 400 MHz) & ppm: 8.95 (br s, 1H, CO2H), 7.41 (d, J = 1.3 Hz, 1H, H-5), 7.10 (d, J = 3.4 Hz, 1H,
H-3), 7.06 (d, J = 7.9 Hz, 1H, CONH), 6.42 (dd, J = 3.4, 1.7 Hz, 1H, H-4), 4.76 — 4.61 (m, 1H, Hie-2), 1.80 —
1.57 (m, 3H, Hieu-3 + Hieu-4), 1.10 — 0.80 (M, 6H, Hieu-5). 13 C-NMR and DEPT (CDCls, 101 MHz) & ppm:
177.6 (C, CO2H), 158.7 (C, CONH), 147.3 (C, C-2), 144.6 (CH, C-5), 115.3 (CH, C-3), 112.3 (CH, C-4), 51.6
(CH, Creu-2), 41.5 (CH2, Creu-3), 25.0 (CH, Creu-4), 23.1 (CH3, Creu-5), 21.8 (CHa, CLeu-5). HRMS (ESI-TOF)
m/z: [M - H] Calcd for C11H1aNO4: 224.09283; Found: 224.09482.

2-Furoyl-L-valine (3b). Following the general protocol for saponification, to a solution of 2b (0.8019, 3.560
mmol) in MeOH (30 mL) was added LiOH (0.2558 g, 10.68 mmol). After the typical work-up, 0.6843 g of 3b
was obtained as a white solid. Yield: 91%. m.p.: 65-70 °C. Ry 0.05 in EtOAc. [a]3?: +67.5 (c1.09, CHCls).
!H-NMR (CDCls, 400 MHz) § ppm: 10.12 (br s, 1H, COzH), 7.42 (d, J = 0.9 Hz, 1H, H-5), 7.10 (d, J = 3.3 Hz,
1H, H-3), 7.04 (d, J = 8.5 Hz, 1H, CONH), 6.42 (dd, J = 3.4, 1.7 Hz, 1H, H-4), 4.60 (dd, J = 8.5, 5.1 Hz, 1H,
Hvai-2), 2.37 — 2.13 (m, 1H, Hva-3), 0.95 (d, J = 7.1 Hz, 3H, Hva-4), 0.93 (d, J = 7.1 Hz, 3H, Hva-4). 33C-
NMR and DEPT (CDCls, 101 MHz) § ppm: 176.2 (C, COzH), 158.8 (C, CONH), 147.3 (C, C-2), 144.6 (CH,
C-5), 115.3 (CH, C-3), 112.3 (CH, C-4), 57.9 (CH, Cva-2), 31.3 (CH, Cva-3), 19.3 (CH, Cva-4), 17.9 (CH,
Cva-4). HRMS (ESI-TOF) m/z: [M - H] Calcd for C10H12NO4™: 210.07718; Found: 210.07777.

Methyl 2-furoyl-L-leucylglycinate (4a). Following the general protocol for peptide coupling, to a solution of
3a (0.8767 g, 3.944 mmol) in anhydrous CH2Cl> (30 mL) was added DIEA (2.06 mL, 11.8 mmol), TBTU
(1.3933 g, 4.3393 mmol) and methyl glycinate hydrochloride (0.5942 g, 4.733 mmol). After the typical work-
up, the crude oil was chromatographed using EtOAc as eluent, affording 1.1394 g of 4a as a white solid. Yield:
94%. m.p.: 135-136 °C. Rt 0.58 in EtOAc. [a]3°: —8.5 (c1, CHCIl3). tH-NMR (CDCls, 400 MHz) & ppm: 7.44
—7.40 (m, 1H, H-5), 7.26 — 7.12 (m, 1H, CONH), 7.12 — 7.06 (m, 1H, H-3), 7.04 — 6.86 (m, 1H, CONH), 6.46
(dt, J = 4.8, 1.7 Hz, 1H, H-4), 4.82 — 4.64 (m, 1H, Hies-2), 4.13 — 3.87 (M, 2H, Haiy-2), 3.76 — 3.63 [3.70 (9),
3.69 (s), 3H, CO,CHa], 1.87 — 1.53 (m, 3H, Hieu-3 + Hiew-4), 1.04 — 0.79 (M, 6H, Hiew-5). *C-NMR e DEPT
(CDCls, 101 MHz) 6 ppm: [172.5 (C), 172.4 (C), 170.2 (C), CONH + CO2CHjs], 158.5 (C, CONH), 147.4 (C,
C-2), 1445 (CH, C-5), 115.0 (CH, C-3), 112.3 (CH, C-4), 52.4 (CHs, CO2CHj3), 51.3 (CH, Creu-2), 41.3 (2
CHz, Caly-2 + Creu-3), 24.8 (CH, CrLeu-4), 23.0 (CHs, CrLeu-5), 22.1 (CHs3, Creu-5). HRMS (ESI-TOF) m/z: [M +
H]* Calcd for C14H21N20s": 297.14450; Found: 297.14377.
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Methyl 2-furoyl-L-valylglycinate (4b). Following the general protocol for peptide coupling, to a solution of 3b
(1.5004 g, 7.1035 mmol) in anhydrous CH2Cl, (30 mL) was added DIEA (3.70 mL, 21.3 mmol), TBTU
(2.5089 g, 7.8138 mmol) and methyl glycinate hydrochloride (1.0701 g, 8.5242 mmol). After the typical work-
up, the crude oil was chromatographed using EtOAc as eluent, affording 1.5842 g of 4b as a white solid. Yield:
79%. m.p.: 133-136 °C. R¢: 0.60 in EtOAc. [a]3Z: —38.4 (c1.015, CHCIls). 'H-NMR (CDCls, 400 MHz) §
ppm: 7.50 — 7.40 (m, 1H, H-5), 7.32 (br s, 1H, CONH), 7.20 — 7.00 [7.11 (dd, J = 6.9, 4.2 Hz), 7.09 (br s), H-3
+ CONH], 6.49 (dd, J = 3.4, 1.7 Hz, 1H, H-4), 4.63 — 4.53 (m, 1H, Hva-2), 4.20 — 3.90 (m, 2H, Haiy-2), 3.73 (s,
3H, CO2CHa), 2.28 — 2.15 (m, 1H, Hva-3), 1.12 — 0.92 (m, 6H, Hva-4). *C-NMR and DEPT (CDClIs, 101
MHz) & ppm: [171.6 (C), 170.2, CO,CHs + CONH], 158.5 (C, CONH), 147.5 (C, C-2), 144.5 (CH, C-5), 114.8
(CH, C-3), 112.2 (CH, C-4), 58.1 (CH, Cva-2), 52.4 (CHs, CO2CHa), 41.2 (CH>, Cgiy-2), 31.5 (CH, Cva-3),
19.3 (CH, Cva-4), 18.3 (CH, Cva-4). HRMS (ESI-TOF) m/z: [M + H]* Calcd for C13H19N2Os": 283.12885;
Found: 283.12878.

Methyl 2-furoyl-L-leucyl-L-alaninate (5a). Following the general protocol for peptide coupling, to a solution
of 3a (1.6678 g, 7.5045 mmol) in anhydrous CH2Cl> (30 mL) was added DIEA (3.92 mL, 22.5 mmol), TBTU
(2.6506 g, 8.2550 mmol) and methyl L-alaninate hydrochloride (1.2570 g, 9.0054 mmol). After the typical
work-up, the crude oil was chromatographed using EtOAc as eluent, affording 1.9797 g of 5a as a white solid.
Yield: 85%. m.p.: 135-136 °C. Ry 0.58 in EtOAc. [a]3?: +83.7 (c1.16, CHCIs). *H-NMR (CDCls, 400 MHz)
d ppm (rotamers present 60:40): [7.43 (dd, J = 1.7, 0.8 Hz, minor), 7.41 (dd, J = 1.7, 0.8 Hz, major), 1H, H-5],
[7.11 (dd, J = 3.5, 0.7 Hz, minor), 7.09 (dd, J = 3.5, 0.7 Hz, major), 7.07 (br s), 2H, H-3 + CONH], [6.95 (d, J =
8.6 Hz, major), 6.91 (d, J = 8.6 Hz, minor), 1H, CONH], 6.51 — 6.41 (m, 1H, H-4), 4.78 — 4.66 (m, 1H, Hieu-2),
4.60 — 4.47 (m, 1H, Haia-2), [3.72 (s, major), 3.66 (s, minor), 3H, CO2CHzs], 1.78 — 1.59 (m, 3H, Hieu-3 + Hieu-
4), [1.40 (d, J = 7.2 Hz, minor), 1.36 (d, J = 7.2 Hz, major), 3H, Haia-3], 0.94 — 0.90 (m, 6H, Hieu-5). 3C-NMR
and DEPT (CDClgz, 101 MHz) é ppm: [173.3 (C), 173.1 (C), 171.8 (C), 171.6 (C), CONH + CO2CHg], [158.4
(C), 158.3 (C), CONH], [147.6 (C), 147.5 (C), C-2], 144.4 (CH, C-5), [114.9 (CH), 114.8 (CH), C-3], [112.3
(CH), 112.2 (CH), C-4], 52.5 (CH3, CO2CH3), [51.3 (CH), 51.2 (CH), CLeu-2], [48.2 (CH), 48.2 (CH), Cai-2],
[41.7 (CH2), 41.5 (CH2), CLeu-3], [24.9 (CH), 24.8 (CH), CLeu-4], [23.0 (CH3), 23.0 (CHg), Caia-3], [22.2 (CH3),
22.2 (CH3), 18.2 (CHs3), 18.0 (CHz3), Crew-5]. HRMS (ESI-TOF) m/z: [M + H]" Calcd for CisH23N205":
311.16015; Found: 311.15826.

Methyl 2-furoyl-L-valyl-L-alaninate (5b). Following the general protocol for peptide coupling, to a solution of
3b (0.5012 g, 2.373 mmol) in anhydrous CH2Cl> (30 mL) was added DIEA (1.24 mL, 7.12 mmol), TBTU
(0.8381 g, 2.610 mmol) and methyl L-alaninate hydrochloride (0.3975 g, 2.848 mmol). After the typical work-
up, the crude oil was chromatographed using EtOAc as eluent, affording 0.6258 g of 5b as a white solid. Yield:
89%. m.p.: 130-132 °C. R¢: 0.69 in EtOAc. [a]3?: —8.1 (c1.01, DMSO). 'H-NMR (CDCls, 400 MHz) & ppm
(rotamers present 60:40): 7.44 — 7.40 (m, 1H, H-5), 7.40 — 7.26 [7.38 (d, J = 6.6 Hz, major), 7.29 (d, J = 6.9 Hz,
minor), 1H, CONH], 7.19 — 6.99 [7.13 (d, J = 9.0 Hz), H-3 + CONH], 6.50 — 6.39 (m, 1H, H-4), 4.68 — 4.46
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(m, 2H, Hvai-2 + Haia-2), [3.71 (s, major), 3.65 (s, minor), 3H, CO2CHg], 2.26 — 2.04 (m, 1H, Hva-3), [1.40 (d,
J =7.2 Hz, minor), 1.36 (d, J = 7.3 Hz, major), 3H, Haia-3], 1.04 — 0.90 (m, 6H, Hva-4). *C-NMR and DEPT
(CDCls, 101 MHz) & ppm (rotamers present): [173.3 (C), 173.0 (C), 170.9 (C), 170.7 (C), CO2CHs + CONH],
[158.3 (C), 158.3 (C), CONH], [147.6 (C), 147.6 (C), C-2], [144.4 (CH), 144.4 (CH), C-5], [114.7 (CH), 114.7
(CH), C-3], [112.2 CH), 112.2 (CH), C-4], [57.8 (CH), 57.8 (CH), Cva-2], [52.4 (CHs3), 52.4 (CH3), CO2CHa],
[48.2 (CH), 48.1 (CH), Caia-2], [31.9 (CH), 31.7 (CH), Cva-3], [19.3 (CH3), 19.1 (CHs), 18.3 (CH3), 18.2
(CHs), 18.1 (CHg), 17.8 (CH3), Cva-4 + Cala-3]. HRMS (ESI-TOF) m/z: [M + H]" Calcd for C14H21N205":
297.14450; Found: 297.14463.

Methyl 2-furoyl-L-leucylglycinamide (6a). Following the general protocol for the synthesis of primary amide,
gaseous ammonia was bubbled into a solution of 4a (0.3090 g, 1.043 mmol) in MeOH p.a. (20 mL) and the
system was left stirring for 48 h at rt. After the typical work-up, 0.2921 g of 6a was obtained as a beige solid.
Yield: quantitative. m.p.: 90-95 °C. R¢: 0.05 in EtOAc. [a]3’: +161.2 (c1, CHCIs). 'H-NMR (CDCls, 400
MHz) & ppm: 8.01 — 7.77 (m, 1H, CONH), 7.49 — 7.32 (m, 2H, H-5 + CONH), 7.12 — 7.03 (m, 1H, H-3), 6.94
(br's, 1H, CONH>), 6.48 (br s, 1H, CONH>), 6.42 (dd, J = 3.1, 1.5 Hz, 1H, H-4), 4.74 — 450 (m, 1H, Hie-2),
3.98 (dd, J =16.9, 6.1 Hz, 1H, Hcly-2), 3.87 — 3.66 (m, 1H, Haiy-2), 1.80 — 1.58 (m, 3H, Hreu-3 + Hieu-4), 0.99
— 0.81 (m, 6H, Hiew-5). 3C-NMR and DEPT (CDCls, 101 MHz) § ppm: [173.3 (C), 173.3 (C), 172.5 (C),
159.1 (C), 2 x CONH + CONH], 147.2 (C, C-2), 144.9 (CH, C-5), 115.1 (CH, C-3), 112.3 (CH, C-4), 52.3
(CH, Creu-2), 42.9 (CH2, Creu-3), 41.0 (CH2, Caiy-2), 24.9 (CH, Cireu-4), 23.0 (CHs3, Creu-5), 21.9 (CHs3, Creu-5).
HRMS (ESI-TOF) m/z: [M + H]* Calcd for C13H20N304": 282.14483; Found: 282.14417.

Methyl 2-furoyl-L-valylglycinamide (6b). Following the general protocol for the synthesis of primary amide,
gaseous ammonia was bubbled into a solution of 4b (0.3819 g, 1.353 mmol) in MeOH p.a. (20 mL) and the
system was left stirring for 48 h at rt. After the typical work-up, 0.3611 g of 6b was obtained as a white solid.
Yield: quantitative. m.p.: 180-183 °C. Rs: 0.20 in EtOAc. [a]3!: +14.6 (c1.025, DMSO). tH-NMR (DMSO-ds,
400 MHz) & ppm: 8.30 (t, J = 5.8 Hz, 1H, CONH), 8.04 (d, J = 8.4 Hz, 1H, CONH), 7.87 — 7.82 (m, 1H, H-5),
7.29 -7.15[7.23 (brs), 7.21 (d, J = 3.5 Hz), 2H, CONHH + H-3], 7.04 (br s, 1H, CONHH), 6.63 (dd, J = 3.5,
1.8 Hz, 1H, H-4), 4.25 (dd, J = 8.1, 7.7 Hz, 1H, Hva-2), [3.66 (dd, J = 16.7, 6.0 Hz), 3.65 (dd, J = 16.7, 5.5 Hz),
2H, Heiy-2], 2.18 — 2.04 (m, 1H, Hva-3), [0.91 (d, J = 6.8 Hz), 0.90 (d, J = 6.7 Hz), 6H, Hva-4]. *3*C-NMR and
DEPT (DMSO-ds, 101 MHz) & ppm: [171.1 (C), 170.7 (C), 157.8 (C), 2 x CONH + CONH], 147.4 (C, C-2),
145.2 (CH, C-5), 114.0 (CH, C-3), 111.9 (CH, C-4), 58.3 (CH, Cva-2), 41.8 (CH2, Caiy-2), 30.1 (CH, Cva-3),
[19.3 (CH3), 18.6 (CH3), Cva-4]. HRMS (ESI-TOF) m/z: [M + H]" Calcd for C12H1sN304": 268.12918; Found:
268.12884.

Methyl 2-furoyl-L-leucyl-L-alaninamide (7a). Following the general protocol for the synthesis of primary
amide, gaseous ammonia was bubbled into a solution of 5a (0.5552 g, 1.788 mmol) in MeOH p.a. (20 mL) and

the system was left stirring for 48 h at rt. After the typical work-up, 0.5279 g of 7a was obtained as a white
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solid. Yield: quantitative. m.p.: 85-90 °C. Ry: 0.27 in EtOAc. [a]3%: —36.6 (c1.015, CHCI3). *H-NMR (CDCls,
400 MHz) 6 ppm (rotamers present 70:30): [7.84 (d, J = 7.8 Hz, minor), 7.76 (d, J = 7.5 Hz, major), 1H,
CONH], 7.47 - 7.20 [7.44 (dd, J = 1.7, 0.7 Hz), 2H, H-5 + CONH], [7.13 (dd, J = 3.5, 0.6 Hz, major), 7.10 (dd,
J = 3.6, 0.6 Hz, minor), 1H, H-3], [7.02 (br s, minor), 6.94 (br s, major), 1H, CONHH], 6.63 — 6.19 [6.42 (br s,
minor), 6.38 (br s, major), 2H, H-4 + CONHH], 4.81 — 4.63 (m, 1H, Hies-2), [4.53 (p, J = 7.0 Hz), 4.52 (p, J =
7.1 Hz), 1H, Ha-2], 1.76 — 1.63 (M, 3H, Hiew-3 + Hieu-4), [1.39 (d, J = 7.1 Hz, minor), 1.33 (d, J = 7.1 Hz,
major), 3H, Haia-3], 0.98 — 0.87 (m, 6H, Hieu-5). 3C-NMR and DEPT (CDCls, 101 MHz) & ppm (rotamers
present): [176.3 (C), 176.2 (C), 173.4 (C), 173.2 (C), 159.8 (C), 159.5 (C), 2 x CONH + CONH_], [148.2 (C),
148.0 (C), C-2], [145.5 (CH), 145.4 (CH), C-5], [115.9 (CH), 115.8 (CH), C-3], 113.1 (CH, C-4), [53.0 (CH),
52.6 (CH), Creu-2], [49.7 (CH), 49.6 (CH), Caia-2], [42.3 (CH2), 42.1 (CH>), Creu-3], [25.7 (CH), 25.7 (CH),
Creu-4], [23.8 (CH3), 23.7 (CH3), 22.9 (CHs3), 22.8 (CHs3), Creu-5], [18.8 (CHg), 18.7 (CHz), Caia-3]. HRMS
(ESI-TOF) m/z: [M + H]* Calcd for C14H22N304": 296.16048; Found: 296.16033.

Methyl 2-furoyl-L-valyl-L-alaninamide (7b). Following the general protocol for the synthesis of primary
amide, gaseous ammonia was bubbled into a solution of 5b (0.4012 g, 1.353 mmol) in MeOH p.a. (20 mL) and
the system was left stirring for 48 h at rt. After the typical work-up, 0.3580 g of 7b was obtained as a white
solid. Yield: 94%. m.p.: 202-204 °C. Ry 0.14 in Et.0. [a]3: +4.3 (c1.04, DMSO). 'H-NMR (CDsOD, 400
MHz) & ppm (rotamers present 60:40): 7.75 — 7.58 (m, 1H, H-5), 7.25 — 7.07 (m, 1H, H-3), 6.66 — 6.50 [6.59
(dd, J =3.5, 1.8 Hz), 6.58 (dd, J = 3.5, 1.8 Hz), 1H, H-4], 4.46 — 4.16 (M, 2H, Hva-2 + Haa-2), 2.25 - 2.10 (m,
1H, Hva-3), 1.42 — 1.33 [m, 3H, Haia-3], 1.08 — 0.93 (m, 6H, Hva-4). *C-NMR and DEPT, (CD3OD, 101
MHz) 6 ppm (rotamers present): [177.6 (C), 177.3 (C), 173.6 (C), 173.1 (C), 160.9 (C), 160.6 (C), 2 x CONH +
CONHz2], [148.5 (C), 1485 (C), C-2], 146.7 (CH, C-5), [115.9 (CH), 115.9 (CH), C-3], [113.1 CH), 113.0
(CH), C-4], [60.8 (CH), 59.9 (CH), Cva-2], [50.1 (CH), 50.0 (CH), Cais-2], [32.2 (CH), 31.6 (CH), Cva-3],
[19.8 (CH3), 19.6 (CHs3), 19.3 (CHz), 18.9 (CHs3), 18.3 (CH3), 18.0 (CH3), Cva-4 + Cala-3]. HRMS (ESI-TOF)
m/z: [M + H]" Calcd for C13H20N304™: 282.14483; Found: 282.14437.

Pharmacology
Dopamine D: receptor binding assay

Chinese hamster ovary (CHO) cells expressing short isoform of human Das receptors were grown in 150 mm
petri dishes in Dulbeco’s Modified Eagle Medium (DMEM) supplemented with 10% FBS and 2 mM L-
Glutamine. When cells were confluent, medium was removed, and cells were washed twice with buffer A (5
mM Tris-HCl pH = 7.4, 2 mM EDTA). Cells were scrapped and homogenized twice in a Polytron. Cell
suspension was centrifuged (300 g, 10 min, 4 °C). Pellet was discarded, and supernatant was centrifuged
(48,400 g; 4 °C; 60 min). Pellet was resuspended in buffer B (50 mM Tris-HCI; pH = 7.4) and protein quantity
was measured by using Bradford method. The binding of [*H]-NPA to the membrane preparation was assayed

in duplicate in 96-well plates. Membranes (30 pg/well) expressing human D;R were incubated with 0.25 nM
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[’H]-NPA and test compounds for 60 min at 25 °C in a 96-well polypropylene microplate with incubation
buffer (50 mM Tris-HCI, pH = 7.4; 120 mM NaCl, 5 mM KCIl, 4 mM MgCl,, | mM EDTA) up to a total
volume of 250 pL. Non-specific binding was defined in the presence of 1 uM (+)-butaclamol. After incubation
time 200 pL were transferred to a multiscreen FC microplate (Millipore) pre-treated with 0.5%
polyethilenimine and samples were filtered and washed 4 times with 250 uL of wash buffer (50 mM Tris-HCI,
pH = 7.4; 0.9% NacCl). Filters were dried and 35 pL of scintillation cocktail (Universol) were added to each
well and radioactivity was detected in a microplate beta scintillation counter (Microbeta Trilux). Data are

expressed as the increase of specific binding following the formula:

(X — NSB) x 100
% Increase = BT — NSB —100

where X is the radioactivity detected in the test well; BT is the radioactivity detected when [°’H]-NPA was
incubated in the absence of any compound and NSB is the radioactivity detected when [*H]-NPA was co-
incubated with 10 uM (+)-butaclamol. ANOVA analysis was carried out to evaluate significant differences

using SPSS software (V15.0). Statistical significance was set at P < 0.05.

Biological Assays.

Animals. Female Wistar-Kyoto (WKY) rats (Iffa-Credo, L’ Arbresele, Lyon, France), purchased from Criffa

(Barcelona, Spain), were used throughout this study. They were housed (groups of five) in Makrolon cages
(Panlab, Barcelona, Spain) on poplar shaving bedding (B&K Universal; G. Jordi, Barcelona, Spain) in a
standard experimental animal Bioclean room, illuminated from 8:00 AM to 8:00 PM (12 h/12 h/light/dark
cycle) and maintained at a temperature of 22 to 24 °C. Animals had free access to food pellets (B&K
Universal), drinking fluid (tap water). All animal experiments performed were conducted in compliance with
institutional guidelines and European regulations on the protection of animals (Directive 2010/63/UE), the
Spanish Real Decreto 53/2013 (1 February) and the Guide for the Care and Use of Laboratory Animals as
adopted and promulgated by the US.

Culture of Rat Cortical Neurons and Glial Cells. Pregnant rats (1920 days) were killed by CO> inhalation.
Embryos were immediately extracted from the womb by caesarean section, and their brains were carefully
dissected out. Meninges were removed, and a portion of motor cortex was isolated after the dissection of the
brain. Fragments obtained from several embryos were subjected to mechanic disintegration. Neurobasal
medium supplemented with 2% B-27 was used to seed the cells in 48-well plates at a density of 100 000
cells/mL. Neuronal cultures were allowed to grow for 8—10 days keeping in an incubator (Forma Direct Heat
COg, Thermo Electron Corporation, Madrid, Spain) under saturated humidity at a partial pressure of 5% CO> in
air at 37 °C.
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The full lists of the values of MA and MMA appear in the Supplementary Information file SI00, along with the
dataset used and the results of the MMA model for each case, including compound code, molecular descriptors,
and the assay conditions. Copies of the 1D (*H, 3C, DEPT-135) and 2D (COSY, HSQC) NMR spectra for all
the compounds reported are provided in the file SI01.
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m Abbreviations Used

13C-NMR, Carbon-13 nuclear magnetic resonance; *H-NMR, Proton magnetic nuclear resonance; 2-Fu, 2-
Furoic acid; AiR, Adenosine A; receptor; Ac, Accuracy; BD, Big data; C1, Caspase-1; C7, Caspase-7; CBy,
Cannabinoid CBz receptor; CB», Cannabinoid CB> receptor; CEMUP, Centro de Materiais da Universidade do
Porto; CHO, Chinese hamster ovary cells; CHO-K1, A subclone of the parental CHO cell line; D:R, Dopamine
D1 receptor; DIEA, N-Ethyl-N,N-diisopropylamine; DMSO-ds, Deterated dimethylsulfoxide; DOS, Diversity-
oriented synthesis; ESI, Electrospray ionization; GABAa, y-Aminobutyric acid type A; GPCRs, G-protein
coupled receptors; HEK293, Human Embryonic Kidney 293 cells; HHV-5, Human cytomegalovirus; HHV-5
chemokine, HHV-5 chemokine receptor;, HRMS, High-resolution mass spectrometry; LDA, Linear
Discriminant Analysis; M1R, Muscarinic acetylcholine receptor 1; M2R, Muscarinic acetylcholine receptor Mo;
M4R, Muscarinic acetylcholine receptor M4; MA, Moving Average operators; mGIuR, Metabotropic glutamate
receptor; MIF-1, Melanostatin; ML, Machine Learning; MMA, Multiple Moving Average operators; NAM,
Negative allosteric modulator; NK», Tachykinin receptor 2; NPA, N-propylapomorphine; PAM, Positive
allosteric modulator; PSA, Polar Surface Area; PT, Perturbation Theory; PTML, Perturbation Theory and
Machine Learning Model; Sn, Sensitivity; Sp, Specificity; TBTU, O-(Benzotriazol-1-yl)-N,N,N'N'-
tetramethyluronium tetrafluoroborate; TLC, Thin-layer chromatography; TRHR, Thyrotropin-releasing
hormone receptor; VCCLAB, Virtual Computational Chemistry Laboratory.
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