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Protein-protein interactions (PPIs) mediate nearly every cellular process and represent attractive targets for modulating disease states but are challenging to target with small molecules. Despite this, several PPI inhibitors (iPPIs) have entered clinical trials, and a growing number of PPIs have become validated drug targets. However, high-throughput screening efforts still endure low hit rates mainly because of the use of unsuitable screening libraries. Here, we describe the collective effort of a French consortium to build, select and store in plates a unique chemical library dedicated to the inhibition of PPIs. Using two independent predictive models and two updated databases of experimentally confirmed PPI inhibitors developed by members of the consortium, we built models based on different training sets, molecular descriptors and machine learning methods. Independent statistical models were used to select putative PPI inhibitors from large commercial compound collections showing great complementarity. Medicinal chemistry filters were applied to remove undesirable structures from this set (such as PAINS, frequent hitters and toxic compounds) and to improve drug likeness. The remaining compounds were subjected to a clustering procedure to reduce the final size of the library while maintaining its chemical diversity. In practice, the library showed a 46-fold activity rate enhancement when compared to a non-iPPI-enriched diversity library in high-throughput screening against the CD47-SIRPα PPI. The Fr-PPIChem library is plated in 384-well plates and will be distributed on demand to the scientific community as a powerful tool for discovering new chemical probes and early hits for the development of potential therapeutic drugs.

INTRODUCTION

Protein-protein interactions (PPIs) play a major role in most biological processes and a variety of cellular disorders and disease states [START_REF] Li | The OncoPPi network of cancer-focused protein-protein interactions to inform biological insights and therapeutic strategies[END_REF][START_REF] Donev | Preface[END_REF] . As a consequence, PPIs have emerged as an important new class of therapeutic targets [START_REF] Mullard | Protein-protein interaction inhibitors get into the groove[END_REF] . However, they are considered challenging to target with small molecules mainly due to the nature of their interfaces, which have not evolved to interact with physiological small molecules such as second messengers and metabolites [START_REF] Arkin | Small-molecule inhibitors of protein-protein interactions: progressing toward the reality[END_REF][START_REF] Kuenemann | In silico design of low molecular weight protein-protein interaction inhibitors: Overall concept and recent advances[END_REF] .

The successful development of PPI inhibitors (iPPIs) has increased over the last decade, and several compounds are now moving toward advanced-phase clinical trials [START_REF] Sheng | State-of-the-art strategies for targeting protein-protein interactions by small-molecule inhibitors[END_REF][START_REF] Scott | Small molecules, big targets: drug discovery faces the protein-protein interaction challenge[END_REF][START_REF] Gentile | Venetoclax for the treatment of chronic lymphocytic leukemia[END_REF] . However, despite these encouraging results, targeting PPIs remains highly challenging, and specific tools are still needed to improve the effectiveness of drug discovery campaigns. One of the most popular approaches for discovering iPPIs, especially when no structural data are available for the target, is by high-throughput screening (HTS). However, HTS often results in poor hit rates and high false-positive rates for this class of targets, which can be attributed to the poorly suited screening libraries that are either not enriched in iPPIs or are too small to contain sufficient diversity [START_REF] Gupta | New drug development[END_REF][START_REF] Barker | Expanding medicinal chemistry space[END_REF] . Therefore, developing innovative chemical libraries dedicated to discovering active small molecules targeting PPIs is of great importance to the scientific community to improve both the hit rates of those screenings and the quality of the identified chemical probes.

Several databases such as TIMBAL [START_REF] Higueruelo | TIMBAL v2: update of a database holding small molecules modulating protein-protein interactions[END_REF] , iPPI-DB [START_REF] Labbe | iPPI-DB: an online database of modulators of proteinprotein interactions[END_REF] and 2P2I DB [START_REF] Basse | 2P2Idb v2: update of a structural database dedicated to orthosteric modulation of protein-protein interactions[END_REF] have been developed to store experimentally validated iPPIs and determine their physicochemical profile of PPI modulators.

Analysis of the compounds present in these databases revealed that, on average, iPPIs are heavier, more hydrophobic, contain more aromatic rings and have different 3D shapes than conventional drugs [START_REF] Sperandio | Rationalizing the chemical space of protein-protein interaction inhibitors[END_REF][START_REF] Morelli | Chemical and structural lessons from recent successes in protein-protein interaction inhibition (2P2I)[END_REF][START_REF] Villoutreix | A leap into the chemical space of protein-protein interaction inhibitors[END_REF][START_REF] Zhang | Focused chemical libraries--design and enrichment: an example of protein-protein interaction chemical space[END_REF] . These characteristics have been used to build statistical models capable of filtering chemical databases to search for putative iPPIs [START_REF] Sperandio | Rationalizing the chemical space of protein-protein interaction inhibitors[END_REF][START_REF] Morelli | Chemical and structural lessons from recent successes in protein-protein interaction inhibition (2P2I)[END_REF][START_REF] Neugebauer | Prediction of Protein-Protein Interaction Inhibitors by Chemoinformatics and Machine Learning Methods[END_REF][START_REF] Hamon | 2P2I HUNTER: a tool for filtering orthosteric protein-protein interaction modulators via a dedicated support vector machine[END_REF][START_REF] Bosc | Privileged Substructures to Modulate Protein-Protein Interactions[END_REF] or to extract PPI-specific chemical information.

Our teams were responsible for building the PPI-HitProfiler 14 and 2P2I HUNTER [START_REF] Hamon | 2P2I HUNTER: a tool for filtering orthosteric protein-protein interaction modulators via a dedicated support vector machine[END_REF] models leading to the design a PPI-oriented chemical library, which has been validated on several structurally diverse targets [START_REF] Hamon | 2P2Ichem: Focused Chemical Libraries Dedicated to Orthosteric Modulation of Protein-Protein Interactions[END_REF][START_REF] Milhas | Protein-Protein Interaction Inhibition (2P2I)-Oriented Chemical Library Accelerates Hit Discovery[END_REF][START_REF] Raux | Exploring Selective Inhibition of the First Bromodomain of the Human Bromodomain and Extra-terminal Domain (BET) Proteins[END_REF] . Following these encouraging results, a French consortium was organized to build and share a unique chemical library dedicated to the inhibition of PPIs. A new, optimized, combined version of the two predictive models was built considering the two updated chemical databases iPPI-DB [START_REF] Labbe | iPPI-DB: an online database of modulators of proteinprotein interactions[END_REF] and 2P2I DB [START_REF] Basse | 2P2Idb v2: update of a structural database dedicated to orthosteric modulation of protein-protein interactions[END_REF] . For this, different models were built based on different training sets, molecular descriptors and machine learning methods. Both statistical models were independently used to retrieve 'iPPI-like molecules' from large commercial compound collections and the two models showed great complementarity. Medicinal chemistry filters were applied to remove undesirable structures from this set and to improve drug-likeness. The remaining compounds were subjected to a clustering procedure to reduce the final size of the library while maintaining chemical diversity. Finally, we describe a single case study comparing the rate of obtaining active compounds by screening the Fr-PPIChem library to the rate with a traditional diversity library for a therapeutically relevant PPI target.

MATERIALS AND METHODS

I-2P2I HUNTER models

Dataset Preparation

197 orthosteric iPPIs, corresponding to 21 protein-protein complexes, were extracted from 2P2I DB version 03-2016 (http://2p2idb.cnrs-mrs.fr/) [START_REF] Basse | 2P2Idb v2: update of a structural database dedicated to orthosteric modulation of protein-protein interactions[END_REF] . Bromodomain inhibitors were not considered in this work. Additionally, an SD file containing 1,826 approved drugs from DrugBank (version 4.5.0) was extracted from https://www.drugbank.ca/ and considered as the negative dataset (decoy set) [START_REF] Wishart | DrugBank: a comprehensive resource for in silico drug discovery and exploration[END_REF] .

In an effort to work with consistent datasets, a curation/standardization procedure was applied for the positive and negative sets using ChemAxon (http://www.chemaxon.com). A diversity set was selected to reduce structural redundancy in the positive set (because some chemical series are overrepresented in 2P2I DB ) and to reduce the number of compounds in the decoy set. The ChemMineR library from R was used for this purpose [START_REF] Cao | ChemmineR: a compound mining framework for R[END_REF] . The full procedure of standardization and diversity selection is described in given as supplementary information (Figure S1). Finally, 85 nonredundant iPPIs, corresponding to 21 protein-protein complexes, were selected in the positive dataset and 734 in the decoy dataset.

Chemical Libraries

Screening collection of compounds from MolPort (https://www.molport.com), Ambinter 

c: ISIDA fragment descriptors

Two classes of the ISIDA fragment descriptors 27 were used: "sequences" (I) and "augmented atoms" (II). For each class, three sub-types are defined AB, A and B. Sequences represent the shortest paths from one atom to another one. (AB) represent sequences of atoms and bonds, (A) sequences of atoms only and (B) sequences of bonds only [START_REF] Varnek | Substructural fragments: an universal language to encode reactions, molecular and supramolecular structures[END_REF] . Sequences can also be represented as Atom Pairs (AP) where only terminal atoms and the topological distance between them are explicitly represented. An "augmented atom" represents a selected atom with its environment including sequences of AP, AB, A and B types issued from this atom. Descriptors of length from 2 to 15 atoms were calculated for sequences and from 2 to 10 atoms for augmented atoms. For sake of clarity, sequences of atoms and bonds of length from x to y atoms were annotated as IAB(x-y).

Construction and validation of models

Support Vector Machine (SVM) was used as the machine learning method to build predictive models using the LIBSVM classifier [START_REF] Chang | LIBSVM : a library for support vector machines[END_REF] . SVM models giving a probability for a compound to be a PPI inhibitor or not were constructed [START_REF] Platt | Probabilistic Outputs for Support Vector Machines and Comparisons to Regularized Likelihood Methods[END_REF] . The polynomial method was chosen as the kernel function. The default degree value of 3 was kept. Cost and gamma hyperparameters were optimized using a 5-fold cross-validation procedure to get the best averaged ROC AUC value (Figure S2). All inhibitors of a given protein-protein family were in the same set (see supplementary information for details).

The area under the curve (AUC) of the ROC was chosen as the statistical criteria to evaluate model performance. As additional statistical criterion, balanced accuracy (BA) was calculated to offer another view of model performance. BA is calculated as a function of elements of the confusion matrix : true positive (TP), false positive (FP), true negative (TN) and false negative (FN) as follows :

BA= ! ! ( !" !"!!" + !" !"!!" ).
For the best pool of descriptors determined in 5-fold cross-validation and for each modeling set, a procedure of y-scrambling was performed to estimate the part of models related to chance [START_REF] Rücker | y-Randomization and its variants in QSPR/QSAR[END_REF] .

II-PPI-HitProfiler models

Dataset preparation

The molecules were selected as described previously [START_REF] Bosc | Privileged Substructures to Modulate Protein-Protein Interactions[END_REF] . Briefly, 3,051 nonredundant iPPIs were obtained from iPPI-DB [START_REF] Labbe | iPPI-DB: an online database of modulators of proteinprotein interactions[END_REF] (version 2016) and TIMBAL database 11 (version May 2015). In addition, a diversity set was derived from this dataset. Compounds were first described using FCFP4 fingerprint computed by Pipeline Pilot 32 and a hierarchical clustering was performed using the Ward method with the Tanimoto distance. Only the cluster centers were selected using a similarity threshold of 0.7 resulting in a chemically diverse set of 719 iPPIs.

Putative non-iPPIs were selected from two different sources: BindingDB 33 and BDM as described previously [START_REF] Bosc | Privileged Substructures to Modulate Protein-Protein Interactions[END_REF] . In total, 83,572 non-iPPIs were identified (44,228 from BindindDB and 39,344 from BDM). A diversity selection was performed as described previously resulting in a set of 35,686 diverse compounds used as decoy.

The molecules were standardized and filtered using an in house protocol developed in Pipeline

Pilot [START_REF]Pipeline Pilot, version 9.0.2[END_REF] to exclude compounds containing non organic atoms, to keep only small molecules (peptides and macrocycles were not considered in this study) and to remove potential solvent molecules or counter-ions.

Molecular descriptors MOE descriptors.

MOE 2D and available 3D descriptors were computed. The latter descriptors require to have the active conformation of each molecule. In the absence of such information for the vast majority of the molecules used in this study, up to 50 conformations per molecule were generated using a stochastic method and the MMFF94x force field as described previously [START_REF] Bosc | Privileged Substructures to Modulate Protein-Protein Interactions[END_REF] . The 3D descriptors were calculated on all the conformations for a given compound and the mean value for each descriptor was kept as the final value. A total of 298 descriptors (186 2D and 112 3D)

were calculated for each molecule of each data set.

Dragon molecular descriptors.

Dragon V7 (https://chm.kode-solutions.net/products_dragon.php) was used to calculate 2,600 2D descriptors.

RDKit descriptors.

A total of 117 2D descriptors were calculated using RDKit (version 2016_03_1, http://www.rdkit.org).

It was impossible to calculate several descriptors for a significant number of molecules in these data sets. Hence, these descriptors were deleted resulting in a total of 2,990 descriptors.

Descriptor selection

To build models with relevant descriptors, the most discriminative descriptors between iPPIs and putative non-iPPIs (decoy set) were identified prior to modeling using the protocol described previously [START_REF] Kuenemann | Imbalance in chemical space: How to facilitate the identification of protein-protein interaction inhibitors[END_REF] . Briefly, it allows to remove invariant or correlated descriptors and those whose absolute correction exceeds 0.6 with molecular weight, clogP and TPSA. It also excludes descriptors whose distribution is not significantly different between iPPIs and non-iPPIs. Finally, to eliminate the descriptors whose significance was due to over-represented chemotypes, this protocol was applied on the PPI/non-PPI inhibitor data sets and their corresponding diverse subsets (Figure 1). Only the descriptors that were found in both cases were kept. Finally, the last selection step consisted in ensuring that the descriptors were also significantly discriminant for at least 60% of the PPI targets against the non-iPPIs. Eventually, 167 molecular descriptors (Dragon: 124, RDKit: 7 and MOE: 36) were identified and are detailed in the supplementary information (Table S1).

Model training and validation

Four different machine learning algorithms were used in this protocol to build classification [START_REF] Team | R: A Language and Environment for Statistical Computing[END_REF][START_REF] Kuhn | Building Predictive Models in R Using the caret Package[END_REF] . J48 and JRip were used with their default parameters but a parametrization of RF and SVM was performed doing a grid search using a 5-fold cross validation. The optimal numbers of trees and of variables selected by the trees were both tuned for RF, while the optimal hyper-parameters cost and gamma were found for SVM.

The four classification methods were applied on iPPIs and non-iPPIs described with the 167 selected descriptors. Normalization was performed on the variables to be centered to zero mean and scaled to unit variance. The data set was split into a training set (70%) and a test set (30%) conserving the same proportion of iPPIs and non-iPPIs. Note that as described in the previous section "Descriptor selection", both the training and the test sets were used for the selection of the 167 descriptors.

Once the models were trained, they were first evaluated on the training set. Then, a 5-fold cross validation was performed on the training set and the performance were averaged on the five iterations. Finally, the performance of the models was evaluated by predicting the test set (i.e. the 30% remaining data).

At each step, the performance of the models was assessed using the sensitivity, specificity, and a specific definition of the enrichment factor 𝐸𝐹 =

!" !"!!" × !"!!"!!"!!" !"!!"
. It highlights the ratio between the proportion of true actives before and after filtering. Matthews correlation coefficient (MCC) was also estimated as follows :

MCC = ( (!"*!$)--(!"*!$) (!"!!")(!"!!")(!"!!")(!"!!")
).

III-Combining, Filtering and clustering

ADMET properties and PAINS.

The 103,656 predicted iPPI compounds resulting from the two models were annotated and filtered with the last release of our Free ADME-Tox package named FAF-Drugs [START_REF] Lagorce | FAF-Drugs4: free ADME-tox filtering computations for chemical biology and early stages drug discovery[END_REF] . The overall procedure involved a data curation step with removal of salts, counterions and mixtures, standardization via the ChemAxon Standardizer routine and removal of duplicates using simple CANSMILES strings generated with OpenBabel. Various physicochemical property thresholds to filter out unwanted chemicals can be selected in FAF-Drugs. As we are interested in the design of iPPI chemical probes, these thresholds were tuned such as to also explore regions of the chemical space in the extended rule of 5 region and beyond the rule of 5 area [START_REF] Doak | Oral druggable space beyond the rule of 5: insights from drugs and clinical candidates[END_REF] . The following rules were used: aromatic rings ≤ 6, fused aromatic rings ≤ 3, rotatable bonds ≤ 20, heteroatoms ≤ 12, logP (XlogP3) and logD between -7 and 8, molecular weight ≥ 300 g.mol-1, number of halogens (Br, I, Cl) ≤ 5 and less than 5 consecutive CH 2 units. The in silico filtering approach continued with the annotation of molecules containing toxicophores. Different types of documented toxicophores were investigated, and among a list of 139 structures or substructures potentially toxic (Table S2), molecules containing one occurrence of some chemical groups reported in the literature as toxic were rejected (68 such groups are flagged including anhydride, aldehyde, isocyanate, triflate, etc. and molecules that contain these chemical groups are downloaded in file called rejected compounds see: http://fafdrugs4.mti.univ-paris-diderot.fr/groups.html). Another list of 57 toxicophores was analyzed, and molecules that contain less than 2 to 4 occurrences of these chemical groups (depending on the type of chemical group, data reported in the literature about these groups and our analysis of approved drugs, withdrawn drugs and drugs with a blackbox warning) [START_REF] Lagorce | FAF-Drugs4: free ADME-tox filtering computations for chemical biology and early stages drug discovery[END_REF] were flagged and accepted. This category of structural alerts involves, for instance, catechol, nitro, imidazole, adamantane, etc. Similarly, another set of 12 potential toxicophores were flagged. These, for example, include hydrazine, sulfoxide and thiocarbamate. In addition, molecules containing a PAINS substructure were flagged. However, only molecules flagged by the 22 PAINS filter-A were rejected [START_REF] Baell | New substructure filters for removal of pan assay interference compounds (PAINS) from screening libraries and for their exclusion in bioassays[END_REF] . This filtering stage resulted in 78,243 compounds.

Chemical diversity analysis.

The 78,243 remaining compounds were first prepared using VSPrep with default parameters [START_REF] Gally | VSPrep: A General KNIME Workflow for the Preparation of Molecules for Virtual Screening[END_REF] .

Duplicates were then removed based on their canonical smiles. A multi-step clustering method implemented in Pipeline Pilot 32 was then performed to gradually select the 10,000-targeted molecules for plating. Different thresholds varying between 0.2, 0.3 and 0.4 for the Tanimoto distance (Tc) based on maximal dissimilarity was used with the Euclidian metric and FCFP6

fingerprints. A minimum of 3 molecules was required in each cluster to ensure further SAR analysis. First, the clustering was performed using Tc of 0.3 leading to 8,851 clusters. Then, for the highest populated clusters (n≥20), a second clustering was performed using a Tc of 0.4 leading to 549 clusters. Finally, on the 15,856 singletons identified in the first clustering step, a third clustering was applied using a Tc of 0.2 providing 1,523 clusters. A total of 10,923 diverse molecules was thus retrieved.

CD47/SIRPα screening

CD47-SIRPα reagents were prepared and NCATS Genesis chemical library screening was conducted as described previously [START_REF] Miller | Quantitative high-throughput screening assays for the discovery and development of SIRPα-CD47 interaction inhibitors[END_REF][START_REF] Burgess | A homogeneous SIRPα-CD47 cellbased, ligand-binding assay: Utility for small molecule drug development in immuno-oncology[END_REF] . Fr-PPIChem chemical library screening was performed using the same reagents and homogeneous time-resolved fluorescence (HTRF) optimized protocol with the following alterations: Compounds were dispensed acoustically from 1 mM DMSO stocks using an Echo 550 and assay plates were read on a Pherastar FS multimodal plate reader all of which was incorporated into an automated Labcyte Echo Workstation. The Fr-PPIChem library was first screened using the CD47-SIRPα HTRF assay at a single fixed concentration (20 µM) followed by confirmatory testing in a 7-point concentration response.

Concentration response data were fitted using the NCGC CurveFit and filtered by curve classification and potency. Compounds meeting the activity criteria (curve class -1.1, -1.2 and > 90% inhibition) were evaluated in a combination counter and orthogonal screen using the thermal shift assay. HTRF active compounds were incubated at 20 µM with CD47 or SIRPα and subjected to a thermal ramp from 20 to 95 °C in the presence of 2.5X SYPRO Dye (Invitrogen)

to measure it melting point temperature via a BioRad CFX384 RTPCR instrument. The variability of the thermal shift assay was ±0.17 °C (standard deviation, n=16). The activity cutoff of Tm ≥ 0.5 °C represents 3*SD. Compounds that induced an increase in the Tm ≥ 0.5 °C uniquely for CD47 or SIRPα were considered active.

RESULTS AND DISCUSSION

The compounds included in the Fr-PPIChem library were selected from commercially available libraries based on their predicted abilities to inhibit protein-protein complexes. Two complementary statistical models were built to select iPPIs.

Development and validation of the 2P2I HUNTER models.

A positive training set of diverse nonredundant iPPIs was compiled from 2P2I DB . The negative dataset representing the putative non-iPPIs was constructed by selecting compounds from DrugBank. This selection was based on the fact that approved drugs are often developed to be highly specific to a given target and are unlikely to interact with PPIs with high affinity.

Three types of descriptors were used to build three distinct statistical models: ISIDA substructural fragments, Dragon and MOE 2D molecular descriptors. SVM was used to differentiate between the positive dataset and the decoy. Other methods, such as random forest, were tested (data not shown), but SVM gave the best results for each type of descriptor. To build and validate the models, the initial training set was randomly divided into 5 modeling/test sets, and the inhibitors of the same PPI family were placed in the same set. Using this strategy, a 5-fold cross-validation (CV) was undertaken for each modeling set to optimize the SVM hyperparameters. The performances of the best models constructed on the three types of descriptors were very similar based on their balanced accuracy (Table 1).

When filtering a large database of molecules, one must keep in mind that the goal is to predict inhibitors with the highest possible precision. In this context, the models built using ISIDA descriptors IAB(2-2) appear to be the best models. Moreover, the scrambling procedure involving these descriptors led to models with lower AUC average values (0.5) for the 5 tests. This demonstrates that the ISIDA-based models are robust and not the result of random correlations.

Therefore, these models were used to filter the collections of screening compounds from MolPort and Ambinter, leading to 36,447 iPPI-like molecules from Ambinter and 37,927 from MolPort.

Development and validation of the PPI-HitProfiler models

Similar to our previous study [START_REF] Bosc | Privileged Substructures to Modulate Protein-Protein Interactions[END_REF] , several machine learning models were built (see material and methods for details). The results show that all 4 new PPI-HitProfiler models have good predictive power, and all managed to positively discriminate the iPPIs (Table 2). All the models have excellent specificities and high sensitivities ranging from 0.76 to 0.91 on the test set and good values for BA and MCC. The application of a Y-scrambling procedure to the 4 models confirmed that the predictions were not due to chance in every case, as significant drops were observed in the sensitivities and in the capacity of enriching libraries (EF approximately 1).

Given the performances of the 4 PPI-HitProfiler models and their excellent capacity to discard non-iPPIs, the choice was made to combine all these models to retrieve iPPI-like molecules from the commercially purchasable catalogs from the ZINC database resulting in a list of 143,967 compounds.

Combination, filtering and clustering of the predicted inhibitors

The two sets of compounds selected by 2P2I HUNTER and PPI-HitProfiler were combined, leading to a collection of 103,656 molecules. We optimized in-house-designed FAF-Drugs software for this project to predict and remove PAINS and undesirable compounds [START_REF] Lagorce | FAF-Drugs4: free ADME-tox filtering computations for chemical biology and early stages drug discovery[END_REF] . Several physicochemical filters were applied based on analyses of known chemical probes leading to 78,243 remaining compounds (see Material and Methods for details).

A final clustering step was conducted to generate a diverse PPI-oriented chemical library composed of 10,923 compounds (see Material and Methods for details). Molecules that met the quality control requirements and were commercially available were purchased from Ambinter, leading to a 10,314-member compound chemical library (Fr-PPIChem), of which 5,177 (50.2%)

were selected by PPI-HitProfiler models and 5,245 (50.8%) were selected by 2P2I HUNTER models, while 108 compounds were selected by both models. The Fr-PPIChem chemical library was stored in 384-well plates.

Properties of the Fr-PPIChem Library

The PPI-oriented library has been analyzed and compared to other chemical libraries using visual representations and analytical methods. We used maps of normalized principal moments representation in which low range of the [0,1] interval corresponds to rod-and disk-like shapes and high range of the [0,1] interval to sphere-like shapes [START_REF] Kuenemann | Which three-dimensional characteristics make efficient inhibitors of protein-protein interactions?[END_REF] . This allows us to differentiate threedimensional compounds from what is usually referred to as flatland [START_REF] Lovering | Escape from flatland: increasing saturation as an approach to improving clinical success[END_REF] . The Y-axis allows differentiation between rod-and disk-like shapes (Figure 2). The densities along each axis and each population along with the corresponding mean values have been added to highlight the similarities or dissimilarities of the shapes of the compounds in the different datasets.

When examining the molecular shape distributions of the different datasets, one can note several characteristics. DrugBank compounds tend to be the most elongated and the least threedimensional. PPI-HitProfiler and 2P2I HUNTER compounds have very similar distributions of molecular shapes, and both sets of compounds are more three-dimensional and less elongated than DrugBank compounds, while they are more elongated than 2P2I compounds but of comparable three-dimensionality.

iPPIs exhibit different properties than conventional drugs [START_REF] Sperandio | Rationalizing the chemical space of protein-protein interaction inhibitors[END_REF][START_REF] Morelli | Chemical and structural lessons from recent successes in protein-protein interaction inhibition (2P2I)[END_REF] . The eleven descriptors employed by Hamon et al. were used to perform PCA [START_REF] Hamon | 2P2I HUNTER: a tool for filtering orthosteric protein-protein interaction modulators via a dedicated support vector machine[END_REF] . The first two components, representing 53.5% and 22.2% of the total variance for the 2P2I DB and DrugBank compounds, respectively, were used for plotting purposes (Figure 3). Distributions of some physicochemical properties of the different sets are given in Supplementary Material (Figure S3). Interestingly, 88.4% of the compounds in Fr-PPIChem follow Veber's rule, which states that compounds with 10 or fewer rotatable bonds and polar surface area equal to or less than 140 Å 2 have a high probability of good oral bioavailability [START_REF] Veber | Molecular Properties That Influence the Oral Bioavailability of Drug Candidates[END_REF] . On a similar note, 77.8% of the library complies with Lipinski's rule of five [START_REF] Lipinski | Experimental and computational approaches to estimate solubility and permeability in drug discovery and development settings[END_REF] .

Molecules selected by the PPI-HitProfiler and 2P2I HUNTER models cover different chemical spaces (Figure 3). Notably, combining the space covered by these two models allows all 2P2I DB space to be covered even though the individual models cover only part of this space. This clearly demonstrates the high complementarity of the two approaches for searching for iPPI-like molecules.

Comparison of Fr-PPIChem to commercially available PPI-focused libraries, namely Asinex, ChemDiv, Life Chemicals and Otava, show a similar profile in terms of physiochemical properties (Figure S4). Indeed, boxplots calculated for LogP, molecular weight, number of hydrogen bond donors and acceptors, TPSA, number of rotatable bonds and number of rings, demonstrate that Fr-PPIChem compounds share a similar chemical space.

Experimental evaluation of the Fr-PPIChem library

Finally, we compared the performance of the Fr-PPIChem library to a non-iPPI enriched library in a screening for small molecule iPPIs between the immune checkpoint CD47 and its counter receptor SIRPα. As described in Miller et al., 2019 [START_REF] Miller | Quantitative high-throughput screening assays for the discovery and development of SIRPα-CD47 interaction inhibitors[END_REF] , a robust set of HTS-capable biochemical assays (HTRF and AlphaScreen) were designed and optimized based on the interactions of the soluble domains of CD47 and SIRPα. The HTRF assay was used to screen a large, diverse, drug-like library at the National Center for Advancing Translational Studies (NCATS, a division of the NIH). This library (the Genesis collection) was composed of 94,965

(now over 120,000) molecules designed to be diverse (1,000 scaffolds that vary in representation from 20 to 100 compounds per chemotype), highly curated (PAINS and Lipinski), and lead-like (sp 3 -enriched, spirocycles, and novel chemotypes). The screening strategy consisted of an HTRFbased primary screen in qHTS format (6 or 7-point concentration response) with activity defined as > 25% inhibition (due to the low overall activity rate). Active compounds were retested and confirmed using the HTRF assay followed by a counter screening (HTRF) and an orthogonal screening (AlphaScreen) to remove false positive compounds. This resulted in 12 active compounds after primary screening and 5 after counter and orthogonal screenings (as described in Miller et al. 2019 [START_REF] Miller | Quantitative high-throughput screening assays for the discovery and development of SIRPα-CD47 interaction inhibitors[END_REF] ) for an overall activity rate of < 0.01% (Table 3). Notably, none of the active compounds were complete inhibitors showing more than 50% activity. We then compared the activity rate of this typical diversity library to that of the focused Fr-PPIChem library using the same HTRF assay and reagents with a slightly modified process to remove false positives.

The Fr-PPIChem library (10,314 compounds) was first screened at a single concentration (20 µM) followed by confirmatory testing in a 7-point concentration response and combination counter and orthogonal screenings via a thermal shift assay. The number of active compounds following the primary and confirmatory screening was substantially higher for the Fr-PPIChem library using the same criteria as the NIH screen (779 vs. 5). To focus on higher quality active compounds, we increased the stringency of the activity criteria to > 90% inhibition and IC50 < 12 µM resulting in 173 active compounds. Following thermal shift assay screening to remove false positives and promiscuous compounds as well as to define CD47 or SIRPα interaction, 25 active compounds remained for an overall activity rate of 0.24% representing a 46-fold enrichment for the Fr-PPIChem library vs. the NCATS Genesis library.

Distribution of the Fr-PPIChem library.

The Fr-PPIChem library can be requested to Xavier Morelli (xavier.morelli@inserm.fr, coordinator of the national consortium). A material transfer agreement (MTA) has to be signed by both parties before the chemical library can be delivered at cost price (including the cost of fluids, shipping and handling). Confidentiality will be guaranteed by this MTA and no intellectual property (IP) will be claimed by the national consortium. The library is provided in 384 well plates (33 plates in total) at a concentration of 1mM and a volume of 15µl per well.

People requesting the Fr-PPIChem library should provide evidence that a miniaturized and optimized test is available to screen the library.

CONCLUSION

Here, we present a national consortium effort that has produced a unique focused library enriched with iPPI-like compounds. For this purpose, two models based on complementary approaches have been constructed. These models were validated by 5-fold cross-validation and achieved high performances.

The application of these models to large chemical libraries resulted in 124,589 structures.

Compounds with undesirable moieties (toxic, PAINS, etc.) and those exhibiting undesirable physicochemical properties were removed leading to a medicinal chemistry-driven collection of 78,243 molecules. Finally, this set was refined to a chemically diverse library of 10,314 compounds (Fr-PPIChem) using a clustering procedure.

The shapes of the molecules in Fr-PPIChem are similar to those of known PPI modulators; therefore, they should be able to bind PPI cavities. Interestingly, selections from PPI-HitProfiler and 2P2I HUNTER are equally represented in the final library, and PCA showed that they cover a complementary chemical space.

Fr-PPIChem was evaluated against the CD47/SIRPα PPI target for which no small molecule inhibitor is currently available. An almost 50-fold enrichment in hit rate performance was observed compared to the recently reported screening of a large non-PPI library on the same target [START_REF] Miller | Quantitative high-throughput screening assays for the discovery and development of SIRPα-CD47 interaction inhibitors[END_REF] .

This academic PPI-oriented library constitutes a unique tool for improving the hit rate of screening campaigns. In this effort, this new collection will be accessible to the scientific community, and its reasonable size makes it practical for screening by small biotech companies as well as in the academic environment against numerous PPI targets. It is anticipated that the distribution of the library will accelerate the identification of bioactive molecules targeting challenging protein-protein interfaces and should result in the development of new chemical probes and drug candidates for clinical applications in a time-and cost-effective manner. and from 10 -2 to 1 incrementing by 10 -2 . Instances were weighted according to the proportion of their class. For the best pool of descriptors and for each modeling set, a procedure of yscrambling was performed to estimate the part of models related to chance. Finally, validated models were applied on the test set. The whole procedure was repeated five times so that all compounds of the initial dataset is predicted once.

  models. (i) Decision trees as implemented in the J48 function of Weka (version 3.7) 35 ; (ii) Random Forests (RF) as implemented in Weka; (iii) JRip which is the implementation of the Repeated Incremental Pruning to Produce Error Reduction (RIPPER) in Weka; (iv) SVM using the C-SVM function with the radial basis function as presented in the R statistical software package Caret

Figure 1 :

 1 Figure 1: Variable selection procedure prior to the construction of the PPI-HitProfiler models.

Figure 2 .

 2 Figure 2. Rotated NPR1 and NPR2 plots of the Fr-PPIChem and reference databases. Comparison of the Fr-PPIChem contributions (2P2I HUNTER and PPI-HitProfiler) with DrugBank (left) and with 2P2I DB (right).

Figure 3 .

 3 Figure 3. 2D PCA for Fr-PPIChem (2P2I HUNTER and PPI-HitProfiler contributions), DrugBank (left) and 2P2I DB (right) using 11 molecular descriptors. Density curves along principal components and for each datasets are also provided.
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  Dragon v.6 (http://www.talete.mi.it) was used to calculate values for 9 molecular descriptors[START_REF] Todeschini | Handbook of Molecular Descriptors[END_REF] (molecular weight, number of multiple bonds, number of rings, number of rotatable bonds, number of hydrogen bond donors, number of hydrogen bond acceptors, unsaturation count, hydrophilic factor and topological surface area) as previously described[START_REF] Hamon | 2P2I HUNTER: a tool for filtering orthosteric protein-protein interaction modulators via a dedicated support vector machine[END_REF] . The value of cLogP was predicted using cxcalc from ChemAxon. The 10 descriptors were normalized between modeling and test sets using the same normalization parameters.

	Molecular Descriptors
	a: Dragon molecular descriptors
	corresponding to 6.3 (version 2016), 5.7 (version 2015) and 16 (version 2012) million
	compounds, respectively.

(http://www.ambinter.com), and Zinc "All Purchasable" (http://zinc.docking.org) were retrieved b: MOE 2D molecular descriptors MOE 2D descriptors were computed using Molecular Operating Environment from Chemical Computing Group (https://www.chemcomp.com). Chirality descriptors were not taken into account because this information was not available for all molecules. All MOE 2D descriptors were normalized between modeling and test sets using the same normalization parameters.

Table 1 Table 1 .

 11 Averaged statistics of the 2P2I HUNTER model, computed for the best SVM models obtained with each type of descriptors in 5-fold cross-validation (5-CV) and for the 5 test sets (test).

	Descriptors Validation	Specificity a Sensitivity b	BA c	AUC d	MCC e
	Dragon	5-CV test	0.686 0.782	0.738 0.694	0.712 0.738	0.753 0.766	0.270 0.328
	MOE 2D	5-CV test	0.730 0.827	0.706 0.565	0.718 0.696	0.786 0.778	0.286 0.291
	ISIDA-	5-CV	0.882	0.570	0.726	0.824	0.371
	IAB(2-2)	test	0.891	0.518	0.704	0.807	0.348

a TN/(TN + FP); b TP/(TP + FN), c 0.5*(specificity + sensitivity); d Area under the curve. e Matthews correlation coefficient.

Table 2

 2 

	Models	Datasets	Specificity a Sensitivity b	BA c	EF d	MCC e
		RF-5-CV	1.00	0.73	0.87	27.93	0.85
	RF						
		RF-Test	1.00	0.76	0.88	28.04	0.86
		SVM-5-CV	1.00	0.89	0.95	27.91	0.94
	SVM						
		SVM-Test	1.00	0.91	0.95	27.89	0.95
		JRip-5-CV	1.00	0.72	0.86	24.00	0.78
	JRip						
		JRip-Test	1.00	0.77	0.89	24.88	0.82
	J48	J48-5-CV	0.99	0.72	0.86	23.68	0.77
		J48-Test	0.99	0.76	0.88	23.53	0.79

Table 2 .

 2 Averaged statistics computed for the 4 new optimized PPI-HitProfiler models on the training set (Train), the 5-fold cross validation (5-CV), and the test set (Test).

a TN/(TN+FP); b TP/(TP+FN); c 0.5*(specificity + sensitivity); d enrichment factor (EF) and e Matthews correlation coefficient (MCC) are described in the methods section.

Table 3

 3 

	Genesis Library Size (# of compounds)	94,965	
		# of actives a activity rate b
	Primary Screen (HRTF)	12	0.013%
	Confirmation (HTRF)	8	0.008%
	Counter Screen (HTRF)	5	0.005%
	Orthogonal Screen (AlphaScreen)	5	0.005%
	Fr-PPIChem Library Size (# of compounds)	10,314	
		# of actives a activity rate b
	Primary Screen (HRTF)	1623	15.736%
	Confirmation (HTRF)	173	1.677%
	Orthogonal/Counter Screen (TSA)	25	0.242%
	Overall activity rate enrichment c		46

Table 3 .

 3 Results from HTS screens for small molecule inhibitors of the CD47-SIRPα PPI.

a Active compounds defined as in Results. b Activity rate calculated as the number of actives divided by the library size. c Overall activity rate enrichment calculated from the final activity rate for the Fr-PPIChem library divided by the final activity rate for the Genesis library.
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