COMPUTATIONAL EFFORTS IN EARLY-STAGE DRUG DISCOVERY: A USE-CASE DESCRIBING THE DISCOVERY AND OPTIMIZATION OF PROTEASE-ACTIVATED RECEPTOR ANTAGONISTS
By
Shannon Talli Smith
        Dissertation 
Submitted to the Faculty of the
Graduate School of Vanderbilt University
 in partial fulfillment of the requirements for the degree of

DOCTOR OF PHILOSOPHY
in 
Chemical and Physical Biology
December 17, 2022 
Nashville, Tennessee

        Approved:
Alex G. Waterson, Ph.D.
Vsevolod V. Gurevich, Ph.D.
Heidi E. Hamm, Ph.D.
Jarrod Smith, Ph.D.

iv

3

2








	



Copyright © 2022 
Shannon Talli Smith
 All Rights Reserved












To my people, you know who you are. Thank you. 
[bookmark: _Toc117609137][bookmark: _Toc117609364][bookmark: _Toc119433482]ACKNOWLEDGMENTS
None of this happens alone and there are many people to thank, so please bear with me. 
I want to first thank my mentor, Jens, for working to get me into graduate school and taking a chance on me. Since then, he has supported me scientifically and personally. You gave me the scientific freedom to pursue some pretty ridiculous projects on my own and provided the resources to accomplish my goals. Thanks for being patient with my scatterbrained-ness over the years, for making me remember the bigger question when I go into rabbit holes, and for making me a more competent scientist and confident individual. I will not forget the graph you drew with “intelligence” on the x-axis and “arrogance” (which I replace with “confidence”) on the y-axis. Thank you “Mellon” (the elvish word for “friend” for those non-Tolkien fans), for pulling me up to the diagonal. 
To my committee members: Vsevolod (Seva) V. Gurevich, Heidi Hamm, Jarrod Smith, and my committee chair, Alex Waterson, for making me a more critical and better scientist, and providing career advice. I want to especially thank Alex Waterson for post-committee meeting pump-up talks and honest conversation regarding my future goals and reassuring me that things will work out. To my previous mentors: Dr. Jerome Baudry for answering a random email from me, Dr. Charles Manning for giving me an opportunity at the Imaging Institute, and Dr. Mike Schulte for helping a newbie to the field, and also convincing me to go to grad school. 
One cannot pursue science alone. It requires a team effort, and I sure had a good one on my side. To my collaborators, past and current, from Drs. Hamm, Lindsley and Shoichet labs: thank you for being my teammates. I want to give huge shoutouts to Drs. Matthew Duvernay and Jeanette Bertron for guiding me through literature of our favorite (and often times frustrating) target, PAR4, and patiently answering my questions every step of the way. Our meetings with the three of us were some of the most helpful that I had during my graduate school. From Heidi Hamm’s lab, I also want to thank Kevin Erreger, Sidnee Mitchell, Jackson Cassada, and Emma Webb, for all the long hours and early mornings in the lab drawing blood and testing compounds we come up with. Your work does not go unnoticed. To all of the chemists we’ve worked with in the Lindsley lab: Trevor Trombley, Jacob Kalbfleisch, Lukas von Bredow, you all have been a pleasure to work with and thank you for putting up with my forgetfulness of organic chemistry. To those in the Shoichet lab, specifically Dr. Brian Bender and Elissa Fink, for patiently helping me with the ULS. To Dr. Annette Beck-Sickinger’s lab, specifically Tina Weiss, thank you for working very patiently with me and my ten thumbs in the wet lab during my visit in Leipzig. 
To my professors: Drs. Craig Tainter and Terry Lybrand for giving me fun physical chemistry math problems to work on. Dr. Walter Chazin for organizing the Introduction to Structural Biology and MBTP review courses. knowledge from Dr. Carrie Jones’s Modern Drug Discovery class with guest speakers including Drs. Dave Weaver, Craig Lindsley and Alex Waterson, has been crucial to everything I’ve worked on and I would be completely lost without it. Visiting professor, Dr. Annette Beck-Sickinger, for coming across the pond to give a crash course on GPCR structural biology and pharmacology. In addition to organizing introductory CPB courses with visiting professors to provide a general overview (and much needed reintroduction to biology), I want especially thank Dr. Hassane Mchaourab for taking me under his wing as a lonely direct admit to the CPB Program and giving me a home with the QCB class. To the Chemical and Physical Biology Program: I want to thank the Program Directors during my time here, Drs. Bruce Damon and Walter Chazin, and the Director of Graduate Studies, Dr. Ivelin Georgiev, for providing much-needed guidance concerning all things grad-school. 
Thank you to those unsung heroes working behind the scenes. Patty Mueller in CPB, the Chemistry Department staff and grants office, and lab managers (more on that in a minute) holding the universe together with their bare hands.
I want to thank my funding sources including the PhARMA Foundation for their Pre-doctoral Fellowship in Informatics award. This partially funded my first two years of graduate school. I also want to thank those involved in my National Institutes of Health, specifically the National Cancer Institute, for an F31 award, which funded my last three years of training. To all of those working behind the scenes to make these happen, thank you. 
To my colleagues and friends at Menten AI: I can’t believe how lucky I was to be able to work with all of you during graduate school. Starting with a three-month internship where you all told me I could do literally whatever I wanted as long as it loosely applied to cyclic peptide structural biology. Then you kept me on to work part-time, and I must say, that I am so thankful you did. I have learned so much, not just about the technical stuff, but also how science happens outside of the hallowed halls of academia. I truthfully wasn’t looking to go into industry or biotech world, but let’s just say that this changed my mind. Hans and Tamás, thank you for letting me be a part of your team and providing me with the resources I needed and support every step of the way. To my coworkers, thank you for being patient with me as I try to balance grad school and Menten (to varying degrees of success). Thank you all, I have learned so much and loved every minute of it. 
To the Meiler lab: y’all are the best. It has been an absolute pleasure to work alongside each of you, and more importantly, thank you for making it a fun place to go every day. Thank you for being people I can ask questions to when I’m banging my head on the desk--special shoutout to Rocco Moretti for being all-knowing and always having the time and patience to help me out. Thanks for all the wonderful memories with the Tuesday beach volleyball and 2-for-1 at Kaybob’s (RIP), lab retreats, conferences, CSB happy hours, beer on the patio, weekend hiking get-away trips, archery, shooting range, Arrington visits, bike rides, bonfires, and some pretty memorable Pre-Pre-RosettaCons with Hope and Clara. Those in my office homes, 5154G and 5150C, thank you for answering being patient with my talkativeness (and thank for the window and the G-nome). To those Meilerites across the pond in Leipzig, Summer 2022 was the greatest two months thanks to y’all and can’t wait to visit again. 
I have had the greatest pleasure of having two of the most amazing humans, Heather Darling and Carie Fortenberry, be lab managers during my grad school time. Not only have all you kept the world spinning, but you have also been such a support group of women and I am forever grateful to have had the pleasure of working alongside each of you. 
To the friends in and out of grad school who have made these years some of the best. Grad school is not always smooth sailing, especially during COVID, but y’all made this time fun. Thanks for spontaneous trips, campus walks, painting groups, tennis matches, and everything else.  I can also never thank you enough for the many times y’all have picked me up off the ground. 
And to my family: you are the most important part of my life. I’m so grateful to be close enough to family in far-away places that when I say for the 20th time “I’m going to X to see family”, Ben Mueller asks me how many families I have. To my aunts, uncles, cousins, and second cousins everywhere: thanks for making me feel at home almost anywhere I go. To my Heritage crew: Grandma, Grandpa and Aunt Sally, thank you for giving me a warm place to retreat on Sunday afternoons to reground before the new week begins. To Brad and Kat, thanks for the support you have shown me, for listening to my panicked practice talks before my first lab meeting presentation, and for bringing my three favorite humans, Judah, Jacob, and Olivia, into the world. And lastly and most importantly, to my parents. You are my unwavering support, and I truly can’t imagine having done this without you both by my side through it all. You are also my best friends, and for that I’m one lucky girl. 



[bookmark: _Toc117609365][bookmark: _Toc119433483]TABLE OF CONTENTS
ACKNOWLEDGMENTS	iv
TABLE OF CONTENTS	viii
LIST OF TABLES	1
LIST OF FIGURES	1
Chapter 1. Introduction	10
1.1. Drug discovery pipeline	10
1.2. Computer-aided drug discovery	11
1.3. Structure-based computer-aided drug discovery (SB-CADD)	12
1.3.1.	Computational structural biology	12
1.3.2.	Sampling problem	12
1.3.3.	Scoring problem	13
1.3.4.	Applying SB-CADD to early-stage drug development	16
1.3.5.	Applying LB-CADD to early-stage drug development	18
1.3.6.	Ultra-large compound libraries accessible for testing in CADD	19
1.3.7.	Current obstacles in SB-CADD	19
1.4. Class A G protein-coupled receptors (GPCRs): pharmacology and structural biology	20
1.5. Protease activated receptors (PARs)	23
1.5.1.	Role of PARs in disease	23
1.5.2.	PAR activation mechanism	23
1.5.3.	PAR structural biology	25
1.6. PAR4	27
1.6.1.	Previously identified small molecule antagonists against PAR4	27
1.6.2.	Challenges in PAR4 drug discovery	28
1.7. References	29
Chapter 2. Benchmarking small molecule protocols in Rosetta	36
2.1. Abstract	36
2.2. Introduction	37
2.3. Results	40
2.3.1.	Starting structures for each benchmark are provided by CASF-2016 datasets.	40
2.3.2.	Rosetta comparison to other CASF-2016 reported score functions.	41
2.3.3.	Newer Rosetta score functions show decreased performance in all CASF-2016 tests.	42
2.3.4.	Scoring Test Results	44
2.3.5.	Ranking test results	44
2.3.6.	Docking test results	45
2.3.7.	Screening test results	46
2.3.8.	Full sampling docking protocol testing	46
2.3.9.	RosettaLigand outperforms other score functions in ligand docking with full sampling test.	47
2.3.10.	Testing preparation protocols	48
2.4. Discussion	48
2.4.1.	Testing across a range of inputs, preparation protocols and score functions leads to areas of focus in future development.	48
2.4.2.	We propose the immediate next steps for Rosetta development in SB-CADD.	49
2.4.3.	Improving benchmarking	49
2.5. Integrating small molecule benchmarks into the Rosetta automated scientific test server	50
2.5.1.	Rosetta-wide scientific benchmarking campaign	50
2.5.2.	Small molecule tests integration into server	50
2.6. Conclusion	51
2.7. References	52
Chapter 3. PlaceWaters: real-time, explicit interface water sampling during Rosetta ligand docking	55
3.1. Abstract	55
3.2. Introduction	55
3.2.1.	Computational ligand docking in drug discovery.	55
3.2.2.	Protein-ligand interface water molecules play a crucial role in binding.	56
3.2.3.	Ligand docking with explicit waters improves accuracy.	56
3.2.4.	Prediction of water molecules in protein-small molecule interfaces	56
3.3. Materials and Methods	57
3.3.1.	The PlaceWaters Mover algorithm	57
3.3.2.	Saturation test	58
3.3.3.	Docking tests	59
3.3.4.	RosettaLigand with and without PlaceWaters	59
3.3.5.	RosettaLigand with protein- and ligand-centric waters	60
3.3.6.	Benchmark dataset preparation	60
3.4. Results	61
3.4.1.	The saturation test demonstrated that PlaceWaters successfully predicts explicit waters at the binding interface.	61
3.4.2.	Docking results with PlaceWaters	62
3.4.3.	Runtime of PlaceWaters mover.	64
3.4.4.	Case-study: Heat shock protein 90 in complex with known inhibitor	65
3.5. Discussion	65
3.5.1.	The PlaceWaters mover successfully predicts explicit water molecule placement at native protein-ligand interfaces.	65
3.5.2.	Over-prediction of water molecules in interfaces.	66
3.5.3.	Further Parameter Optimizations.	66
3.5.4.	Interface water networks and protein-protein interactions.	67
3.6. Conclusion	67
3.7. Acknowledgements	67
3.8. References	68
Chapter 4. Discovery and Optimization of a Novel Series of Competitive and Central Nervous System-Penetrant Protease-Activated Receptor 4 (PAR4) Inhibitors	72
4.1. Abstract	72
4.2. Introduction	73
4.2.1.	PAR4 as therapeutic target	73
4.2.2.	Previously-identified PAR4 inhibitors	73
4.3. Results and Discussion	75
4.3.1.	Toward the Next Generation of PAR4 Antagonists.	75
4.3.2.	Chemistry and Initial Structure-Activity Relationships (SAR).	75
4.3.3.	Mode of PAR4 inhibition.	85
4.3.4.	Activity at mouse PAR4.	86
4.3.5.	DMPK Profiles of Lead Mouse PAR4 antagonists.	89
4.4. References	91
Chapter 5. Discovery of protease-activated receptor 4 (PAR4) tethered ligand antagonist using ultra-large virtual screening	93
5.1. Abstract	93
5.2. Introduction	93
5.2.1.	PAR4 as a therapeutic target	93
5.2.2.	Targeting PAR4	95
5.3. Results	98
5.3.1.	Ultra Large Screen yielded low potency TL inhibitor	98
5.3.2.	A8 optimization and structure-activity-relationship (SAR) development	100
5.3.3.	Mouse platelet PAR4 inhibition	104
5.3.4.	Testing for PAR4 selectivity over PAR1	104
5.4. Discussion	105
5.5. Conclusion	107
5.6. References	107
Chapter 6. Conclusion	115
6.1. References	119
APPENDIX A.	Chapter 2 Supplemental Materials	120
Preparation of ligand files for docking test	145
Running docking test	145
Running docking test analysis	146
Preparation of ligand files for screening test	147
APPENDIX C.	Chapter 3 Supplementary Materials	152
APPENDIX D.	Chapter 4 Supplementary Materials	174
APPENDIX E.	Chapter 5 Supplemental Materials	201

iv

[bookmark: _Toc112162130][bookmark: _Toc115964988][bookmark: _Toc117271094][bookmark: _Toc117609368][bookmark: _Toc119433484]LIST OF TABLES
Table 2.1: Subset results across all CASF-2016 tests.	40
Table 4.1: Structure and Activities of Analogs 17a	74
Table 4.2: Structure and Activities of Analogs 19a	77
Table 4.3: Structure and Activities of Analogs 22a	81
Table 4.4: Structure and Activities of Analogs 17 and 19 at mouse and human PAR4a	84
Table 4.5: Rat plasma protein and brain homogenate binding and Rat IV PBL cassette data.	87
Table 4.6: Mouse in vitro and in vivo DMPK profiles.	87
Table A.1: CASF-2016 data set used for benchmarking.	117
Table A.2: Full results of CASF-2016 ranking test. Table taken directly from S10 of Su et al [1].	133
Table C.1: IC50 values for generation 2 lead optimization of 212B10 and 212D8. PAC1 and P-selectin in human platelets, JonA and P-selectin in mouse platelets.	214
Table C.2: IC50 values for generation 2 lead optimization of 212H3. PAC1 and P-selectin in human platelets, JonA and P-selectin in mouse platelets.	215
Table C.3: IC50 values for generation 3 lead optimization. PAC1 and P-selectin in human platelets, JonA and P-selectin in mouse platelets.	216
[bookmark: _Toc119433485] LIST OF FIGURES
Figure 1.1: Number of compounds tested along the drug discovery pipeline and common CADD methods used at each stage.	8
Figure 1.2: Schematics of the different types of score functions used in SB-CADD. Starting from an example protein-ligand complex of PAR2 and AZ8838 (PDB: 5NDD). Top left: physics-based score functions calculate intramolecular interactions using molecular mechanics principles. Top right: empirical-based score functions calculate intramolecular interactions using weight summations of score terms. Distances, surface area and solvent-accessible surface area (SASA) were calculated using the get_area function in PyMol. Bottom left: knowledge-based score functions use existing structural databases (e.g. Protein Data Bank) to derive potentials based on frequency of observation using an inverse Boltzmann potentials. An example Ramachandran plot is shown here downloaded from https://en.wikipedia.org/wiki/Ramachandran_plot . Bottom right: ML-based algorithms use existing structural databases (e.g. Protein Data Bank) to generate input features to train a model for scoring and then use for scoring a protein-ligand complex. This depicts a basic artificial neural network architecture downloaded from https://towardsdatascience.com/applied-deep-learning-part-1-artificial-neural-networks-d7834f67a4f6 .	11
Figure 1.3: Class A GPCR pharmacology and structural biology. A) GPCRs with number of ligands indicated by inner circle; structure state and corresponding frequencies indicated by outer circles. B) Number of active, intermediate and inactive structures by year.	19
Figure 1.4: Activation mechanism of PARs.	21
Figure 1.5: Structural biology of PARs. The first three columns show binding site residues highlighted in red from a top-view (first row), side-view (second row), and the structures of the bound small molecule (bottom row). The far right column shows ligands aligned onto the PAR1 structure: vorapaxar (green), AZ3451 (magenta) and AZ8838 (cyan).	23
Figure 1.6: Representative small molecule antagonists previously identified for PAR4. Red boxes follow lead optimization of YD-3 through SEY-3 and ML-354 indole series, light blue designates imidazothiadiazole series from BMS starting with BMS-3 from the HTS and BMS-986120 in clinical trials, purple designates the chimerization series the indole and imidazothiadiazole series.	24
Figure 2.1: Schematic of CASF-2016 tests. Examples of success and failures in (A) Scoring test; (B) Ranking test; (C) Docking test and (D) Screening test.	35
Figure 2.2: Results of Rosetta score functions and other reported software in CASF-2016. (A) Pearson correlation in scoring test. (B) Average Spearman correlation in ranking test. (C) Docking test with percentage of complexes where native pose within top 1%, 2% and 3% shown in black, gray and white, respectively. (D) Forward-screening test with percentage of complexes scoring known binder in top 1%, 5% and 10% shown in black, gray and white, respectively. Confidence intervals shown in (A) and (B). For simplicity, only the top performing score function from each external program is presented here.	38
Figure 2.3: Results of the different Rosetta score functions. (A) Pearson correlation in scoring test. (B) average Spearman correlation in ranking test. (C) Docking test with percentage of complexes where native pose within top 1%, 2% and 3% shown in black, gray and white, respectively. (D) Forward-screening test with percentage of complexes scoring known binder in top 1%, 5% and 10% shown in black, gray and white, respectively. Confidence intervals shown in (A) and (B).	39
Figure 2.4: Pnear values from the ligand docking with full sampling. Comparison of RosettaLigand performance to (A) Talaris2014, (B) Ref2015 and (C) Betanov16.	44
Figure 3.1: Workflows for each protocol. “Saturation test” followed by the different docking tests. The figures in the blue box outline the individual steps within the PlaceWaters mover, which are the same in both the “saturation” and “with waters” tests. Left: water grid at given density around ligand in unoccupied coordinates; Middle: Cluster waters to average coordinate C) Right: final water placement after hydrogen bonding donor or acceptor check. Co-crystallized waters are shown in red spheres, predicted waters depicted in cyan spheres (PDB: 3K97).	55
Figure 3.2: Dataset information. A) Selection criteria with respective number of complexes that pass; Distribution of B) number of bridging waters and C) ligand pocket solvent-accessible surface area across dataset.	58
Figure 3.3: Saturation test results: A) Blue: percentage of crystallographic waters that contain a placed water within 1.4Å at each filtering step; orange: Total number of placed waters in dataset after each filtering step. B) Comparison of number of crystallographic waters versus number placed in dataset.	59
Figure 3.4: Sampling results. Number of sub-2Å ligand RMSD output models in comparison to ligand-centric (left) and protein-centric (right) methods.	60
Figure 3.5: Scoring results. Number of sub2A RMSD ligand poses in top 10% scoring models.	61
Figure 4.1: Structures of reported PAR4 competitive and non-competitive inhibitors 1-8. All of the known ligands show poor CNS penetration and/or in the case of 3-8, insufficient potency at -thrombin and unacceptable DMPK profiles.	71
Figure 4.2: Structures of 9 (VU0543156) and the initial optimization plan to improve potency, assess enantiopreference and engender CNS penetration.	72
Figure 4.3: Synthesis of regioisomeric ether analog 17 and 18.	73
Figure 4.4: Structure of (R)-19b (VU6019097) docked in our PAR4 homology model.	79
Figure 4.5: Inactive congeners of 19 with alternative moieties 20 for the OMe, and heterocyclic replacements for the core pyrazole 21.	80
Figure 4.6: Cyclized, constrained congeners 21, of 19, led to a PAR1-preferring inhibitor chemotype.	80
Figure 4.7: Progressive fold-shift inhibition assay with (R)-19a, also showing a competitive mode of PAR4 inhibition.	83
Figure 4.8: Congener (R)-17l docked in hPAR4 homology model A) highlighting the histidine residue situated directly above the 2-phenylmorpholine, B) Depicting in silico mutation, A172E and its potential clashing interaction with TYR243.	86
Figure 5.1: PAR4 activation mechanism.	92
Figure 5.2: Previously identified PAR4 antagonists. A) Red boxes follow lead optimization of YD-3 through SEY-3 and ML-354 indole series, light blue designates imidazothiadiazole series from BMS starting with BMS-3 from the HTS and BMS-986120 in clinical trials, purple designates the chimerization series the indole and imidazothiadiazole series. B) Predicted binding mode of BMS-3 (green). Comparison to experimentally-determined binding modes: vorapaxar (PAR1, PDB ID: 3vw7, cyan), AZ3451 (PAR2, PDB ID: 5NDZ, yellow), and AZ8838 (PAR2, PDB ID: 5NDD, magenta).	93
Figure 5.3: Overview of structure-based high-throughput screen and subsequent optimization. 2nd Generation: Enamine SAR-by-purchase derivatives of 212B10, 212D8, 212H3. 3rd Generation: combination of SAR-by-purchase and rational design strategies.	95
Figure 5.4: ULS identification of initial hit compound, A8. A) Post-screen filtering steps; B) Predicted binding mode of A8 in PAR4 model; C) Dose response curves of purchase A8 and re-synthesized A8.	96
Figure 5.5: Overview of lead-optimization and hit rates at each stage. * <50% max response tested at 10uM; ** and *** indicate number of compounds <10% max response tested at 10uM and 1 uM, respectively.	98
Figure 5.6: Predicted binding mode of 6G3R. A) 6G3R docking prediction in PAR4 homology model. B) 6G3R  (magenta) overlaid onto predicted model of BMS-3 (green).	100
Figure 5.7: Activity comparison and between human/mouse PAR4 and hPAR4/hPAR1. A) IC50 comparison between human versus mouse PAR4; C) % Max Response between hPAR4/hPAR1. The right shows mutations between human PAR4 and B) mouse PAR4 and D) human PAR1. Residues within 5Å of predicted 6G3R binding mode shown in pink, mutated residues in brown, and mutated residues in the binding site in yellow.	102
Figure A.1: Score comparison between “raw” and “opt” sets for each protocol and score function. Scores from raw and opt set are depicted on the x and y axes, respectively.	129
Figure A.2: Percentage of sub-2 Å RMSD structures in docking test. RosettaLigand value on the x-axis and Talaris2014 (A), Ref2015 (B) and Betanov16 (C) on the y-axis.	130
Figure A.3: Ranking test results across Rosetta protocols. Average Spearman correlation across multiple preparation protocols: un-optimized PDB file “raw” and constrained relax “relaxed” protein preparations, molfiletoparams.py script “molfiletoparams” and AM1-BCC “am1bcc” partial charge generation, and high-resolution sampling and final minimization “hires_finalmin” vs. only final minimization “finalmin”. Each combination was tested within each score function.	131
Figure A.4: Subset of score versus RMSD plots from example scientific benchmarking run.	135
Figure C.1: Single point screen of compounds purchased from ULS. % Max Response with 100uM compound against PAR4-AP (top) and gamma-thrombin (bottom). Compounds <50% Max Response, A8 and C5, are indicated in purple bars	205
Figure C.2: Off-target controls. Left: % Max Response of PAR4 against 5 nM alpha-thrombin + 1 uM vorapaxar (top), 20 uM PAR1-AP (middle), 3.16 nM convulxin (bottom). Right: Thrombin binding control.	206
Figure C.3: Mass spectrometry (top) and 1H NMR  (bottom) of Enamine A8.	207
Figure C.4: Analog set 1 single point screen results.	208
Figure C.5: Dose response curves of Analog set 1 hits in human (left) and mouse (right) platelets. For clarify, only P-selectin is plotted.	209
Figure C.6: Double point screen of Analog set 2.	209
Figure C.7: Synthesized compounds based on Analog Set 2 hits. Tested at 1 μM g-thrombin, n=3 ; CRCs conducted using n≥3; all values normalized to DMSO control.	210
Figure C.8: Synthesized compounds based on Analog Set 1 hits. Tested at 10 μM g-thrombin, n=3 ; CRCs conducted using n≥3; all values normalized to DMSO control.	210
Figure C.9: Synthesized compounds based on Analog Set 2 hits. Tested at 1 μM g-thrombin, n=3 ; CRCs conducted using n≥3; all values normalized to DMSO control.	211
Figure C.10: Residues within 5Å of the predicted binding pose of 6G3R (left) and BMS-3 (right).	211
Figure C.11: Overlaid 6G3R and BMS-3 binding poses. Left: 6G3R (magenta) and BMS-3 (green) in the 3D pocket. Same model represented in 2D of 6G3R (top) and BMS-3 (bottom) created using MOE’s Ligand Interaction Tool. The legend for these images is shown in the bottom left.	212
Figure C.12: Pipeline to search for amide derivatives in Enamine and Vanderbilt Discovery Collection libraries.	213
Figure C.13: Top-down representation to show mutations between human PAR4 and mouse PAR4 (left) and human PAR1 (right). Residues within 5Å of predicted 6G3R binding mode shown in pink, mutated residues in brown, and mutated residues in the binding site in yellow.	213


3

1

[bookmark: _Toc117609138]SUMMARY
This dissertation encompasses work completed during graduate school and is based around method development and applications in the field of computer-aided drug discovery (CADD). Chapters 1 outlines the current state of the CADD field with emphasis on structure-based methods, where protein-ligand interactions are modeled to predict active compounds during virtual high-throughput screening and hit-to-lead optimization stages. Chapter 2 details all available small molecule methods available within the Rosetta software. The methods development projects here are meant to improve structure-based CADD by investigating the scoring protocols through consistent benchmarking against existing structural data (Chapter 2), and introducing a new method to explicitly model water molecules in the binding site (Chapter 3). Structure-based CADD methodology is described here in two active antagonist discovery projects against the Class A G protein-coupled receptor, protease-activated receptor 4 (PAR4). Chapter 4 describes a lead-optimization effort to optimize compounds for PAR4 while enhancing central nervous system delivery for neurologic indications, whereas Chapter 5 describes a virtual structure-based high-throughput screen and subsequent hit-to-lead optimization through SAR-by-purchase and structure-based rational drug discovery. 
Chapter 1 provides a thorough introduction to CADD within early-stage drug development. This focuses on structure-based methodologies both in the context of virtual high-throughput screening and hit-to-lead optimization stages, and the advantages and disadvantages of these techniques. This section will also include an overview of the G-protein coupled receptor (GPCR) superfamily, ligand types and structural biology. This chapter also introduces a specific Class A GPCR, protease-activated receptor 4 (PAR4), to provide a basis of the application project portion of this work including PAR4 as a therapeutic target, its mechanism of action, previous drug discovery efforts, and the challenges of PAR4 antagonism. 
	Chapter 2 describes the score function optimization of small molecule protocols within the Rosetta software suite and a larger community-wide scientific benchmarking effort. The score function testing and optimization is taken from the publication Smith ST et al. “Assessing multiple score functions in Rosetta for drug discovery”. I designed, ran, and analyzed the benchmark and am the sole first author of this manuscript. The tests described in this paper are the ones used in the automated scientific benchmarking campaign outlined in the paper in which I am a co-author “Ensuring scientific reproducibility in bio-macromolecular modeling via extensive, automated benchmarks”. This paper brought together the developers of specific protocols to set up these automatic scientific tests. I contributed two tests for this, docking and ranking tests, common tasks for structure-based drug discovery.  All scripts and protocols are provided in the Supplemental Information of Smith and Meiler, 2020, and also in the Appendix.  
	Chapter 3 is largely a reproduction of Smith ST et al. “PlaceWaters: Real-time, explicit interface water sampling during Rosetta ligand docking”. This paper introduces the PlaceWaters method, a new protocol Rosetta-based protocol written to simultaneous sample explicit waters during a docking run. I was the sole first author on this paper and designed the project, overall idea of the algorithm, testing, wrote the manuscript, and mentored the second author, Laura Shub, a former REU student and now current graduate student at University of California San Francisco. Laura did a lot of the code writing during her time as a REU. All the protocols and scripts used for this protocol can be found in the Appendix and Supplemental Material in the publication. 
	Chapter 4 discusses a lead-optimization campaign for CNS-penetrant protease-activated receptor 4 (PAR4) inhibitors. This chapter is largely extracted from Bertron JL et al. “Discovery and Optimization of a Novel Series of Competitive and Central Nervous System-Penetrant Protease-Activated Receptor 4 (PAR4) Inhibitors” with permission from my committee and co-authors. My role in this project was to do the PAR4 homology modeling and structure-based lead-optimization of the current scaffold described in the manuscript. All of the compound synthesis and testing was performed by Drs. Jeanette Bertron and Matthew Duvernay of the Lindsley and Hamm groups, respectively. 
	Chapter 5 describes the ultra-large virtual high-throughput screen to discovery a new PAR4 antagonist series and the subsequent iterative lead-optimization stages. This chapter contains work that will soon be published as a sole first author manuscript. This chapter is largely taken from a soon-to-be-submitted sole first author publication tentatively entitled “Discovery of protease-activated receptor 4 (PAR4) tethered ligand antagonist using ultra-large virtual screening”. My contribution to this project includes: PAR4 homology model generation, virtual high-throughput screening, lead-optimization compound selection via library screening, SAR-by-purchase and structure-based rational design, and writing of the manuscript.  
	Chapter 6 is the conclusion of this dissertation that brings together the role of computer-aided drug discovery in early-stage drug discovery. This also discusses several points for further development in this field and where I personally see the focus shifting. 
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[bookmark: _Toc115964989][bookmark: _Toc117271095][bookmark: _Toc117609139][bookmark: _Toc117609369][bookmark: _Toc112162131][bookmark: _Toc119433487]Drug discovery pipeline
Drug discovery is broadly defined as the process to develop a therapeutic for clinical use towards a specific disease. Upon selection of a disease with unmet clinical needs, modern drug discovery pipelines typically proceed as follows: identification and validation of a cellular process involved in the given indication, development of a chemical or biological substance to target this process, pre-clinical animal studies, and subsequent human clinical trials to determine safety, dosage, and efficacy (Figure 1.1). The time and monetary requirements to complete a drug discovery pipeline are tremendous, with most drugs costing >$1 billion over the course of a decade to get to market[2, 3]. Despite the enormous resources expended over the course of this process, the annual number of FDA-approved drugs has been consistent over the past two decades, and the success rate of drugs to achieve market status remains markedly low[4, 5]. In general, failure rates and the reasons for failure are comparable across companies involved in R&D, yet vary according to indication type[6, 7]. 
Target identification relies on an understanding of the underlying biological pathway involved in a disease of interest. Modern “-omics” methodologies such as rapid and cheap genome sequencing, characterization of gene expression levels, and systems biology allow researchers to identify pathways and specific macromolecules, typically proteins, involved in a disease state. Therapeutic development involves the discovery of a new molecular entity (NME), which typically are either synthetically or naturally made compounds and larger biologics such as antibodies or vaccines. 
[bookmark: _Toc115964990][bookmark: _Toc117271096]This work focuses on drug discovery of synthetic compounds, which is referred to as small molecule drug discovery. By any reasonable measure, the expanse of chemical space is indefinite, and therefore it is critical to efficiently search through large portions of this space for initial hit discovery. One approach is experimental high-throughput screening (HTS), a practice that allows testing of thousands to potentially millions of compounds in parallel. Upon discovery of a new validated compound against a target, compounds often require multiple iterations of medicinal chemistry optimization to be viable for potential pre-clinical and clinical use. Optimization can be for increased potency, reduced off-target effects, improved properties for potential delivery and stability, etc. Compounds that fulfill these requirements are then subject to pre-clinical models and potentially clinical trials for safety, dosage and efficacy. 
[bookmark: _Toc117609140][bookmark: _Toc117609370][bookmark: _Toc119433488]Computer-aided drug discovery
Computer-aided drug discovery (CADD) is used to accelerate the drug discovery process while alleviating the potential high costs of experimental methods. CADD is not meant to replace experimental methods, but rather supplement them to improve efficiency and decrease the number of experiments required to achieve the same goal. Although scientists apply computational methods to every phase of the drug discovery pipeline, this work discusses CADD in the context of HTS and hit-to-lead optimization stages. Here, algorithms search large chemical space to enrich for hit molecules, known as virtual HTS (vHTS), then subsequently improve the initial hit for favorable properties during hit-to-lead optimization. [image: Diagram  Description automatically generated with low confidence]
[bookmark: _Ref117626391][bookmark: _Toc117771846]Figure 1.1: Number of compounds tested along the drug discovery pipeline and common CADD methods used at each stage.


CADD methodology is typically divided into two broad types: structure-based (SB) and ligand-based (LB) approaches; however, as this work largely focuses on SB-CADD, LB-CADD will only be briefly introduced in Chapter 1.3.5. SB-CADD refers to methods that use structural information of the binding site of the biological target to identify and design compounds. This methodology uses binding site structures to predict whether molecules can form favorable interactions and would therefore be worthwhile for experimental testing. Given an interaction between the target and small molecule, either predicted computationally or experimentally determined, SB-CADD methods are used to predict the binding affinity of this interaction. This work largely focuses on SB-CADD and will therefore introduce concepts with respect to general computational structural biology, namely the protein folding problem, followed by an extension of these ideas into SB-CADD.  
[bookmark: _Toc112162140][bookmark: _Toc115964992][bookmark: _Toc117271097][bookmark: _Toc117609141][bookmark: _Toc117609371][bookmark: _Toc119433489]Structure-based computer-aided drug discovery (SB-CADD)
[bookmark: _Toc117271098][bookmark: _Toc117609142][bookmark: _Toc112162142][bookmark: _Toc119433490]Computational structural biology
Given the structure of a target protein and ligand, SB methods largely aim to predict the mode of binding. To accomplish this, the structure of a target protein in the biologically-relevant state is required. Computational structural biology, and as an extension SB-CADD, attempts to address two major challenges: obtaining biologically relevant conformation(s) and accurate energetic portrayal of the conformation(s), known as the “sampling” and “scoring” problems, respectively. Here I introduce these ideas with respect to the protein folding problem where the goal is to determine the protein structure given an amino acid sequence, then extend this to a SB-CADD-specific context. Understanding these principles and how they apply to SB-CADD is important when discussing advantages and disadvantages of this method. 
[bookmark: _Toc117271099][bookmark: _Toc117609143][bookmark: _Toc119433491]Sampling problem
The “sampling problem” is the challenge of iterating over the large conformational space of proteins to obtain physiologically relevant structures. Initial thought experiments of this problem led to Levinthal’s Paradox (copy of initial 1968 paper accessed from https://web.archive.org/web/20110523080407/http://www-miller.ch.cam.ac.uk/levinthal/levinthal.html), which asks how proteins fold properly when the number of possible conformations is effectively infinite. Since proteins fold within seconds, there must be natural laws that determine correct folding without sampling vast conformational space. Computational structural biologists ask how we can simulate this process, as it is unfeasible to simply enumerate through all possible conformations despite major advances in computing resources. Instead of simple iteration through possible configurations, there has been much work done to improve sampling efficiency and only sample energetically reasonable structures. Progress has been made in this area by better understanding of physicochemical properties of proteins and knowledge-based understanding obtained from large numbers of publicly available structures. 
Instead of starting with a sequence and converging towards a physiologically relevant structure, SB-CADD typically starts with a known protein structure with a defined binding pocket and a query compound structure. Conformational sampling in SB-CADD, analogous to conformational sampling in proteins, attempts to capture the binding pose of a query ligand to a protein through docking or molecular dynamics simulations. The difficulty of the sampling problem varies significantly depending on the query system and is largely based on the flexibility of the protein and/or ligand. (The most simplistic docking case is self-docking: beginning with a co-crystal structure of a protein and query ligand, and upon removal and reintroduction of the ligand into the binding pocket, self-docking tests the ability to resample the co-crystallized pose.) If the protein binds a ligand based on an induced-fit model mechanism, the conformational changes are difficult to extract from a starting structure. 
[bookmark: _Toc117271100][bookmark: _Toc117609144][bookmark: _Toc119433492]Scoring problem
The “scoring problem” is the challenge of accurately calculating protein energetics given a structure. In protein folding, the scoring problem refers to the ability to choose a favorable low energy conformation when given a vast number of energetically unfavorable poses. In nature, energetics are dictated by quantum mechanical properties given the electron configuration around atoms; however calculations at these higher levels of theory are unfeasible for biologically relevant systems. There have been many methods proposed to accurately calculate energetics, with the aim of maximizing accuracy while balancing computational feasibility, which we refer to as score functions. The purpose of score functions is to provide a rapid means of predicting chemical interactions and is particularly useful when analyzing many structures; e.g., screening compound libraries or comparing conformations. [image: ]
[bookmark: _Ref117626442][bookmark: _Toc117771847]Figure 1.2: Schematics of the different types of score functions used in SB-CADD. Starting from an example protein-ligand complex of PAR2 and AZ8838 (PDB: 5NDD). Top left: physics-based score functions calculate intramolecular interactions using molecular mechanics principles. Top right: empirical-based score functions calculate intramolecular interactions using weight summations of score terms. Distances, surface area and solvent-accessible surface area (SASA) were calculated using the get_area function in PyMol. Bottom left: knowledge-based score functions use existing structural databases (e.g. Protein Data Bank) to derive potentials based on frequency of observation using an inverse Boltzmann potentials. An example Ramachandran plot is shown here downloaded from https://en.wikipedia.org/wiki/Ramachandran_plot . Bottom right: ML-based algorithms use existing structural databases (e.g. Protein Data Bank) to generate input features to train a model for scoring and then use for scoring a protein-ligand complex. This depicts a basic artificial neural network architecture downloaded from https://towardsdatascience.com/applied-deep-learning-part-1-artificial-neural-networks-d7834f67a4f6 . 


Score functions are comprised of one or a combination of the following categories: physics/forcefield-based, empirical, knowledge-based, or machine-learning (ML) methods (Figure 1.2). Physics-based, empirical, and knowledge-based are referred to as conventional score functions where the result is a linear summation of individual score terms, whereas ML-based score functions have more recently become mainstream in CADD, and often produce non-linear weights associated with individual score terms.  Performance differences between score functions can be difficult to untangle, especially between conventional and ML score functions due to the “black box” nature of ML methods and can be heavily dependent on the dataset[8]. Here, I provide a brief description of each score function classification with a couple of hand-picked examples for the reader’s reference. 
Physics-based score functions use principles from molecular mechanics to derive potentials for interaction energies. There exist many variations in popular software packages of physics-based score functions including DOCK[9], GoldScore in GOLD and G-Score in SYBYL[10], GBVI-WSA-dG in MOE (Molecular Operating Environment (MOE), 2022.02 Chemical Computing Group ULC, 1010 Sherbooke St. West, Suite #910, Montreal, QC, Canada, H3A 2R7, 2022.). These typically include atom-pair Van der Waals, electrostatics for charge-charge interactions, and solvation terms. Lennard-Jones potential wells are used to represent interatomic attraction and repulsion functions, and, of these, commonly implemented is the 6-12 potential. The energies associated with the Lennard-Jones 6-12 potential are exponentially steep, especially the repulsive term, causing scores to be overly sensitive to atoms being too close together. This can become problematic when sampling over conformational space where slight deviations in position result in large energy differences. Electrostatic representation is typically handled using potentials derived from Coulomb’s Law, which describes the forces involved given two charged particles as a function of distance. 
Empirical score functions are weighted summations of individual score terms to obtain the total score of a system. Score terms typically include functions to represent Van der Waals forces using Lennard-Jones potentials, hydrogen bonding potentials, electrostatic potentials using Coulombic forces, and solvation terms. There currently exist many empirically-based score functions, each with differences in weighting or the addition of score terms, with popular ones including ChemScore[11], Glide-SP/Glide-XP[12-14] in Schrödinger and AutoDock Vina[15]. In the Glide-SP/Glide-XP score functions, largely derived from ChemScore, scores are based on the ligand atoms and hydrogen bonds within a hydrophobically enclosed environment, and hydrogen bonds. AutoDock Vina, commonly used for virtual screening due to its speed, is comprised of a weighted summation of the number of steric, hydrophobic, and hydrogen bonding interactions. 
Knowledge-based approaches (also known as statistical potentials) use descriptors from pre-existing structures to optimize score functions by using an inverse Boltzmann probability. These methods assume that, given a large diverse dataset of known structures, if a particular property is observed at a greater rate than would be expected by random distribution, then this is due to energetic preference. In protein structure prediction, common implementations include the propensity of a specific residue to be within a particular secondary structure, in a solvent-exposed surface state versus a buried solvent-occluded state, or within a specific backbone orientation[16, 17]. In SB-CADD, this is extended to protein-ligand contacts, where observed contacts are scored more favorably[18, 19]. These methods can be limited due to the immense diversity of chemical space and a lack of observations of specific moieties. Knowledge-based score functions are powerful where conformational space or chemical diversity is similar between a training set and the test set, albeit this is difficult to know a priori. For this reason, expansion of knowledge-based scoring into drug discovery where chemical space is immensely large and are intrinsically biased towards compounds similar to those in the training set. This same shortcoming is observed in machine learning (ML) methodologies. 
ML is a form of artificial intelligence designed to find patterns in large datasets, and can be thought of as knowledge-based techniques on a large-scale. These methods are useful for determining non-linear patterns in data and can learn through iteration to optimize a set of rules. In this way, ML techniques have also been used to formulate score functions. These techniques have been largely successful in protein structure prediction, with the notable performances of AlphaFold[20, 21], RoseTTAfold[22] and trRosetta[23] in the Comparative Assessment of Structure Prediction (CASP) challenges[24]. ML methods for SB-CADD score functions aim to learn features from a small molecule, protein pocket, or the bound complex to predict binding mode for docking or affinity predictions in screening[25]. Numerous methods have been introduced, largely since 2015, with the aim to solve this problem. An introduction to several ML-based score functions used in the field can be found in [26]. 
[bookmark: _Toc117271101][bookmark: _Toc117609145][bookmark: _Toc119433493]Applying SB-CADD to early-stage drug development
	Different SB-CADD strategies are used in high-throughput screening (HTS) and lead-optimization due to the number of compounds tested at each stage as shown in Figure 1.1. HTS requires quick methods to filter through large compound libraries, whereas lead-optimization uses more expensive calculations to determine a binding mode or effect of derivatization of a molecule. Common vHTS methods typically use basic physics-based score terms (DOCK, GOLD) or empirical score functions (AutoDock Vina, GlideScore). 
The goal of HTS is to obtain an initial hit compound or scaffold for further optimization. HTS assay development relies on the ability to run simultaneous parallel assays on the same system across thousands to millions of diverse, synthesized compounds. Depending on whether a system or target of interest is well-behaved (e.g. in terms of protein expression, cell viability, etc.), HTS experiments can be difficult to test in this setting. Assay development also requires an observable readout available for automated or semi-automated analysis, which is largely system dependent. Even in well-behaved systems, HTS campaigns typically yield low hit rates with <1% of compounds with validated activity[27]. A primary goal of virtual HTS (vHTS) is to increase these experimental hit rates, therefore lowering the number of compounds and resources required for testing in the lab. 
	Structure-based vHTS filters compound libraries based on information of the potential interactions between the small molecule and protein target of interest. One common strategy for this is high-throughput docking methods[28-30], which attempt to fit small molecules in a binding pocket and sort the results based on the given score function as described in Chapter 1.3.3. Depending on the type of algorithm and user input, varying levels of sampling are allowed, but many are limited to static representations of the protein and sidechain atoms, and a single or small number of ligand conformers. Scoring is typically calculated using a shape-fitting method on a pre-existing grid with the aim to speed up calculations. 
[bookmark: _Toc112162144]	Structure-based pharmacophore mapping uses information of a binding site with or without a ligand present to map interaction types onto a 3-dimensional space. These maps often incorporate steric and electronic properties to a grid to identify critical interaction types. Upon creation of a pharmacophore map, the user can screen through large compounds libraries to extract compounds that fit to the map. This strategy is employed when there exists a protein-ligand complex structure of a known active molecule in the binding site of interest or a confident predicted binding mode.  
When a drug discovery campaign (hopefully) goes from HTS into lead-optimization, the amount of chemical space drops precipitously and consequently we can use more rigorous calculations. Molecular docking at this stage incorporates more flexibility and available conformational states of both the protein and the ligand to obtain better predictions. For example, a whole host of variations on molecular dynamics (MD) and quantum mechanical (QM) calculations are used to simulate the dynamics of a system over a specified time-course trajectory and incorporate higher levels of theory to improve binding affinity predictions. MD and QM calculations are outside the scope of this work and the reader can turn to numerous reviews of these methods published elsewhere[31, 32]. 
[bookmark: _Toc117271102][bookmark: _Toc117609146][bookmark: _Toc119433494]Applying LB-CADD to early-stage drug development
In contrast to SB-CADD, LB-CADD does not use structural information of the target of interest, removing the long and resource-intensive step of determining a structure, rather it solely uses information based on the ligand structures of known active compounds. LB approaches are much faster relative to SB and can be applied to large datasets such as the Enamine library mentioned in Chapter 1.3.6. LB pharmacophore mapping takes a ligand or multiple superimposed ligands to map 3D space to molecular properties critical for binding. This can be used to either provide a pharmacophore-based hypothesis for binding of a series [33] or scan through libraries for other potential hit molecules that reproduce this property map [34]. Another form is quantitative structure activity relationships (QSAR), which typically take a set of molecular features of compounds with known activities for a target and generate a model that best describes these features to their given activity; this output model can then be used to rapidly scan and sort molecules in a database. The author recommends [35] for a thorough review on QSAR in virtual screening and our group’s QSAR-related publications for method development [36-39] for more details. 
LB-CADD methods have improved significantly as a result of the integration of more sophisticated machine-learning algorithms. A major fallback in ligand-based methods is that they are highly dependent on the input information into the model. These methods are susceptible to biases arising from the quality of the dataset and they can only yield predictions for query ligands within a chemical space relatively close to that of the test set. The incorporation of applicability domains is often used to determine the confidence of predictions given a particular reference set and the query compounds based on chemical, physical or structural properties[40]. These techniques also become black boxes and it is often unclear why a model predicts what it does, making model validation and analysis a difficult task. Additionally, the types of algorithms developed for QSAR ideally contain datasets where the ratio of active to inactive molecules is 50:50; early-stage drug discovery typically produces a maximum of 1:100, usually 1:1000-10,000 from HTS. If QSAR is done with datasets of these ratios, this will result in considerable over-training and a poorly generalized model. Depending on the use-case, researchers can combat this class imbalance problem by over-sampling actives and non-random dataset partitioning during training [41]. 
[bookmark: _Ref116565641][bookmark: _Ref116565647][bookmark: _Ref116565651][bookmark: _Ref116565656][bookmark: _Ref116565662][bookmark: _Toc117271103][bookmark: _Toc117609147][bookmark: _Toc119433495]Ultra-large compound libraries accessible for testing in CADD
Another potential advantage of vHTS is the ability to screen compounds that have not been synthesized. Chemical space has been estimated to contain 1060 possible molecules[42], where current state-of-the-art HTS experiments can screen a small fraction of this space. The introduction of virtual synthesizable compound libraries vastly expands the compound space that is available for screening. A commonly used vendor is Enamine, which takes substrates and known reactions to produce a combinatorial explosion of enormous libraries of compounds likely to be synthesizable. As of this writing (October 2022), the current Enamine Readily AccessibLe (REAL®) compounds library contains 31 billion compounds (https://enamine.net/compound-collections/real-compounds). Through our experience with Enamine and others[28, 29], compounds are delivered ~6 weeks after placing an order with synthesis success rates consistently >80% when ordered from the REAL® library. 
Numerous algorithms have been developed for sampling such large chemical space. Some methods simply screen a pre-defined set of compounds in an iterative fashion. This can be good when the user has a known library they want to test and know exactly which molecules will be included in the screen. Others leverage the substrate and reaction libraries available with these large virtual libraries to perform on-the-fly compound modifications while still sampling within available molecule space. These methods can be used in de-novo design fashion where there is no starting scaffold or during optimization by sampling through possible derivatives. 
[bookmark: _Ref116565622][bookmark: _Toc117271104][bookmark: _Toc117609148][bookmark: _Ref117626634][bookmark: _Toc119433496]Current obstacles in SB-CADD
SB-CADD methods are advantageous when there is little to no prior information on compounds that bind a target, as the scoring is somewhat agnostic to known datasets. Computational resources confine SB screening to static structure representations and a relatively small number of ligand conformers for sampling. From basic thermodynamic principles, the inability to sample an infinite number of conformations leads to an incomplete partition function representation of a system, thus resulting in inaccurate Boltzmann-weighted free energy change predictions upon ligand binding. The use of more realistic dynamic representations of protein-ligand binding events using Molecular Dynamics (MD) simulations is impractical at the screening stage. The introduction of algorithms such as AlphaFold[21, 43] and RoseTTAfold[22], and subsequent manipulation of these algorithms to simulate dynamics[44] may provide an avenue for SB-CADD researchers to accomplish this. 
SB-CADD techniques, especially during large screening phases, remain confined to score function approximations to rank compounds. Score functions often overestimate the ability of a compound to bind to a given target site, often leading to high false positive rates. Based on experiences reported by others[1, 45], these overestimations can be boiled down to three main culprits: long-range electrostatic representation, over-zealous scoring of hydrogen bonds, and the lack of entropic penalties upon binding. 
Chapter 2 is a reprint of my publication [46], which reveals weaknesses in the Rosetta score function and is similar to those previously reported. Specifically, the Rosetta score function cannot resolve realistic long-range electrostatics; these require high levels of theory for correct electronic property prediction. The introduction of hydrogen bonds is highly favorable according to the Rosetta score function; however, in nature, this often requires the high energetic cost to desolvate an existing water molecule. Chapter 3 is a reprint of my publication [47] describing the PlaceWaters algorithm, which attempts to model explicit waters at the protein-ligand binding interface. In contrast to other Rosetta-based water methods[48], this does not require a priori knowledge of the number of waters to simulate nor does this rely on previous placement in relation to either the protein or ligand. Given a given protein-ligand complex, this algorithm successfully predicts water location; however, we could not improve scoring of these waters. This continues to be an outstanding question in the field. With respect to entropic penalties upon binding, I worked to introduce heuristics to approximate conformational entropic contributions in ligand docking protocols; however, this work did not proceed to publication. 
The remainder of this chapter introduces our target of interest, protease-activated receptor 4 (PAR4), where we applied SB-CADD methods described here for early-stage antagonist discovery and lead-optimization.  
[bookmark: _Toc117271105][bookmark: _Toc117609149][bookmark: _Toc117609372][bookmark: _Toc119433497]Class A G protein-coupled receptors (GPCRs): pharmacology and structural biology
[bookmark: _Toc112162155]GPCRs are a protein superfamily found across all eukaryotic organisms with the human proteome encoding ~800 GPCR sequences. GPCRs are divided by sequence and function into Class A (rhodopsin), Class B1 (secretin), Class B2 (adhesion), Class C (glutamate), Class D1 (fungal mating pheromone), Class F (frizzled), and Class T (taste 2). Here we will limit focus on pharmacology and structural biology of Class A GPCRs. All structural biology and ligand data were used from GPCRdb (www.gpcrdb.org) datasets downloaded on October 12, 2022; see [49] for a recent review of GPCRdb. This group of proteins is essential for cellular integrity, and the breadth of their functions has made GPCRs a major focus in the pharmaceutical industry. A report from 2017 states that there are 475 marketed drugs that act on 108 unique GPCRs, comprising ~34% of all FDA-approved drugs[50]. Additionally, there currently exist 825 unique small molecules targeting GPCRs that have made it to clinical trial stages or market; 774 (~94%) of these  target Class A GPCRs (Figure 1.3A). 
GPCRs are transmembrane proteins that bind a substrate on the extracellular domain, which then induces structural changes within the GPCR and consequently binds a G-protein or β-arrestin within the intracellular domain to propagate downstream signaling. Endogenous substrate types on the extracellular domain vary widely across GPCRs and include small molecules, lipids, ions, pH, light (rhodopsin), peptides, and full-length proteins. Class A GPCR structures are heavily conserved despite the large sequence diversity; they consist of an extracellular N-terminal domain, a conserved seven transmembrane (TM) helical bundle labelled TM1-7, and an intracellular C-terminal domain containing an amphipathic helix, H8. Between the membrane helices, there are extracellular loops (ECLs) 1-3 and intracellular loops (ICLs) 1-3. 
Class A GPCRs account for ~77% of GPCR structures deposited in the PDB spanning 108 unique receptors (Figure 1.3A). Historically, structural biology of GPCRs were limited to X-ray crystallography, which largely captures an inactive state due to stabilization by the presence of an antagonist or other entity to acquire good diffraction. With improved protein engineering through mutagenesis and N- and C-terminus truncation, the use of auxiliary proteins for stabilization, and the “resolution revolution” of cryo-electron microscopy (cryo-EM) suitable for larger complexes (e.g. with coupled signaling proteins), structural biologists are able to capture active and intermediate states (Figure 1.3B). This fact is especially crucial for structure-based drug discovery, as these methods are sensitive to the initial conformation of the pocket, as discussed in Chapter 1.3.7. 
[bookmark: _Toc117271108][bookmark: _Toc117609150][bookmark: _Toc117609373]
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[bookmark: _Ref117626478][bookmark: _Toc117771848]Figure 1.3: Class A GPCR pharmacology and structural biology. A) GPCRs with number of ligands indicated by inner circle; structure state and corresponding frequencies indicated by outer circles. B) Number of active, intermediate and inactive structures by year.

[bookmark: _Toc119433498]Protease activated receptors (PARs)
[bookmark: _Toc117271109][bookmark: _Toc117609151][bookmark: _Toc112162159][bookmark: _Toc119433499]Role of PARs in disease
It has long been known that protolytic enzymes trypsin and thrombin play a role in the clotting cascade; however, it was later discovered that the PAR family acts as the cellular receptor of these enzymes[51]. When investigating thrombin interaction partners, PAR1 was initially identified as a thrombin receptor on the surface of platelet cells and is responsible for platelet activation[52, 53]. It was later discovered that both PAR1 and PAR4 are expressed on the surface of platelets and act as a dual thrombin receptor system for platelet activation; PARs 2-3 are not expressed on human platelets and have not been studied for anti-platelet therapies[53]. PARs have also more recently been appreciated for their role in diseases of the central nervous system (CNS), and each subtype is expressed in the brain[54], astrocytes[55] and microglia[56, 57]. 
Since the role of PARs 1 and 4 was first linked to the platelet activation mechanism, researchers have interrogated their potential as a therapeutic target for numerous cardiovascular diseases. Most of this research has been focused on development of a PAR1 antagonist resulting in the approval from the Food and Drug Administration (FDA) of vorapaxar (Zontivity®). Vorapaxar is a PAR1-selective, virtually irreversible (Ki 8.1 nM; Kd 0.7 nM) antagonist[58-60] derived from the natural product himbacine. In the TRACER Phase III clinical trial, vorapaxar does not significantly reduce cardiovascular events in patients, but increases bleeding side effects [61], severely limiting vorapaxar usage in patients with history of stroke or those undergoing medical operations. Likely as a result of vorapaxar’s limited success in the clinic, antagonism of the closely-related PAR4 (gene symbol F2RL3) has been identified as a promising avenue for anti-platelet therapies. To date, there are no PAR4 antagonists on the market and only two compounds from Bristol-Myers-Squibb, BMS-986120 and BMS-986141, in clinical trials[62-65]. 
[bookmark: _Toc117271110][bookmark: _Toc117609152][bookmark: _Toc119433500]PAR activation mechanism 
When Vu et al. cloned and isolated a functional thrombin receptor protein (what is now called PAR1) in 1991, they also discovered that this protein operates using an unusual mechanism: this receptor is activated via a thrombin-induced cleavage on the extracellular N-terminus, thereby exposing a new N-terminus termed the “tethered ligand” (TL), which acts as the endogenous agonist and binds to the extracellular domain for receptor activation [52] (Figure 1.4). This mechanism is largely conserved across the other PARs, though there is evidence to suggest that PAR3 is a cofactor for PAR4 activation in mouse platelets[66]. To the author’s knowledge, this is the only class A GPCR family that is activated using a tethered ligand mechanism; several adhesion GPCRs are known to activate in a similar manner with recent breakthroughs in capturing the structural mechanism found in [67, 68]. Upon receptor activation, PAR4 signals via G-protein signaling, primarily through Gq and G12/13 pathways. 
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Figure 4: PAR activation mechanism. 
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[bookmark: _Ref117626681][bookmark: _Toc117771849]Figure 1.4: Activation mechanism of PARs. 

Initial efforts for PAR4 antagonist development used peptidomimetics of the newly exposed N-terminal TL (GYPGQV) to mimic PAR4 agonism[69]. The synthetic peptide required 200-400 µM concentration to exhibit comparable activity to thrombin. Peptide screening yielded AYPGKF, known as PAR4-activated peptide (PAR4-AP), which exhibited ~10x activity compared to the synthetic TL and is highly selective towards PAR4 activation instead of PAR1. PAR4-AP continues to be the most common agonist for antagonist screening and optimization. 
In vitro studies have shown that PARs 1 and 4 play complementary roles in thrombin signaling on platelets, specifically that PAR1-based signaling occurring at low thrombin concentrations is responsible for initial platelet activation while PAR4-mediated signaling at higher thrombin concentrations results in prolonged platelet aggregation[70]. This is likely due to the inclusion of a hirudin-like sequence on the PAR1 ECL2 leading to higher affinity of thrombin[71]. It has also been shown that PAR1 and PAR4 exhibit distinct signaling patterns; PAR1 is known to couple to Gq, Gi, and G12/13, whereas PAR4 couples Gq and G12/13, but not Gi. In vivo target validation from non-human primate studies from Bristol Myers Squibb demonstrated that selective PAR4 inhibition results in anti-platelet efficacy while reducing bleeding risks[64]. Ex vivo studies show that PAR4 antagonism inhibits thrombus formation[65]. 
[bookmark: _Toc117271111][bookmark: _Toc117609153][bookmark: _Toc115964995][bookmark: _Toc119433501]PAR structural biology 
There currently exist publicly available structures of PARs 1-2; there are no experimentally-determined structures for PARs 3-4. The Protein Data Bank[72] contains structures of PAR1 in complex with vorapaxar (PDB: 3VW7)[73] and PAR2 with allosteric antagonists AZ8838 (PDB: 5NDD) and AZ3451[74] (PDB: 5NDZ), and a blocking antibody (PDB: 5NJ6)[75]. Several notable trends are observed: the orthosteric binding site is shallower (closer to the extracellular domain) and smaller than other peptide binding GPCRs due to the ECL2 folding into the 7TM, resembling rhodopsin-like GPCRs. Each of these antagonists are observed in different pockets: vorapaxar is found in the PAR1 orthosteric pocket while AZ8838 and AZ3451 are found in separate sites (Figure 1.5).  
The structure of PAR1 in complex with vorapaxar provides insight to the extremely slow dissociation rate of vorapaxar, specifically the occluded tunnel-like binding cavity composed of residues on TM3, TM4, TM5, TM6, TM7, capped by ECL2 and ECL3 on the extracellular side of the orthosteric site. Single-molecule force microscopy in the presence and absence of vorapaxar showed differences in the PAR1 free energy landscape and proposed that vorapaxar stabilizes an inactive state[76, 77]. A combination of mutagenesis and MD simulations suggest that PAR1-AP binds superficially in the extracellular domain, primarily in the ECLs, whereas the TL binds initially to the ECLs before penetrating deeper into the transmembrane core[73]. 
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[bookmark: _Ref117626707][bookmark: _Toc117771850]Figure 1.5: Structural biology of PARs. The first three columns show binding site residues highlighted in red from a top-view (first row), side-view (second row), and the structures of the bound small molecule (bottom row). The far right column shows ligands aligned onto the PAR1 structure: vorapaxar (green), AZ3451 (magenta) and AZ8838 (cyan).  

The structures of PAR2 with antagonists AZ8838 and AZ3451 show two distinct binding sites in a pocket within and outside the 7TM helical bundle, respectively. AZ8838 binds to a small, occluded site near extracellular domain composed of residues from TM1-3, TM7 and ECL2. Interestingly, this pocket is observed in the PAR1 structure with bound vorapaxar, but is saturated with water molecules suggesting that this is conserved across all PARs. AZ8838 forms a hydrogen bond with Asp228ECL2, a residue conserved across PARs1-4, and loses agonist activity upon mutation. Follow-up studies confirm that AZ8838 competitively inhibits the endogenous TL[78, 79]. Conversely, the highly lipophilic AZ3451 binds to the outside of the 7TM bundle and forms interactions with TM2-4 and membrane lipids. The MAB3949 antibody is situated on the extracellular domain of PAR2 and inhibits activation by both trypsin and PAR2-AP, suggesting that MAB3949 might act as a competitive antagonist in both cases. 
Although there are no currently available structures, several groups have looked at the structural mechanisms associated with PAR4 activation from both the TL and AP. Hydrogen deuterium exchange (HDX) and mutagenesis demonstrated the role of ECL3 and the critical interaction between the terminal residue of the TL (Gly48) and Thr153 in signaling[80]. In comparison to the PAR1 structure containing a shallow pocket, these data suggest that TL binding occurs deeper in the 7TM domain. Sequence comparisons and mutagenesis analysis suggest that the Asp230ECL2 also plays a critical role in TL and PAR4-AP activity[81]. 
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[bookmark: _Toc117271113][bookmark: _Toc117609155][bookmark: _Ref119432882][bookmark: _Toc119433503]Previously identified small molecule antagonists against PAR4 
Antagonists against PAR4 include the following types: peptidomimetics of the PAR4-AP or TL, small molecules, antibodies[82] and pepducins[83]. Here I will briefly introduce small molecules drug discovery of PAR4 outlined in Figure 1.6. 
[bookmark: _Ref117626726][bookmark: _Toc117771851]Figure 1.6: Representative small molecule antagonists previously identified for PAR4. Red boxes follow lead optimization of YD-3 through SEY-3 and ML-354 indole series, light blue designates imidazothiadiazole series from BMS starting with BMS-3 from the HTS and BMS-986120 in clinical trials, purple designates the chimerization series the indole and imidazothiadiazole series.


YD-3 and its indazole derivatives were identified as the first non-peptide, PAR4-specific, competitive antagonist[84, 85]. Despite exhibiting poor pharmacokinetic properties, low plasma stability and difficult synthetic routes[86, 87], YD-3 has been useful as a tool compound for probing PAR4 pharmacology, leading to understanding of the role of PAR4 in thromboxane formation in platelets[88]. Efforts to improve synthesis and DMPK properties focused on replacing the indazole core of YD-3 led to the development of SEY-3[89], an indole-based competitive antagonist series. Similarity searches around the indole core and subsequent SAR led to a more potent series including ML-354; however, this still suffered from DMPK issues arising from an aryl nitro group[90]. Recent efforts resulting from a high-throughput screen led to the discovery and optimization of CNS-penetrant PAR4 antagonists[91]. Importantly, YD-3, SEY-3, ML-354, the CNS series and the derivatives of each showed inhibition against PAR4-AP, not gamma-thrombin[84]. 
Bristol-Myers-Squibb (BMS) released a patent describing a new compound series of PAR4 antagonists; these are first documented compounds with efficacy against PAR4 TL[92]. This compound series derived from a high-throughput screen yielded an imidazothiadiazole-based series, the most potent PAR4 antagonists to date (Kd: 0.098 +/- 0.016 nM; Kon: 0.12 +/- 0.043 nM-1 min-1; Koff: 0.0082 +/- 0.0016 min-1; n=3)[64]. Two optimized analogues of this series, BMS-986120 and BMS-986141, have entered clinical trials. Despite high potency, the BMS series is relatively large and lipophilic (MW: 490-510 g/mol; cLogP > 4), causing very low free fraction in both human and rat (fu < 0.001) [62-65, 93]. 
Alongside optimization of the ML-354 series, Temple et al. [94] combined their existing indole core with the BMS-series imidazothiadiazole core to yield a chimera-like molecule series for further optimization. Additionally, another publication by Temple et al. worked to elucidate the minimum pharmacophore of BMS-3 (a precursor to the BMS clinical candidates) with retained potency comparable to the full BMS-3 while improving pharmacokinetic properties[95]. Investigation into the BMS-3 minimum pharmacophore and Schild analyses revealed an unexpected mixed mode of non-competitive and competitive inhibition against PAR4-AP and a competitive inhibition against the TL. Systematic truncation of BMS-3 in [70] showed a change from non-competitive to competitive inhibition against PAR4-AP. These studies demonstrate a varying SAR depending on the agonist, PAR4-AP or the TL, and is analogous to previous work on PAR1-AP[96]. 
[bookmark: _Toc117271114][bookmark: _Toc117609156][bookmark: _Toc119433504]Challenges in PAR4 drug discovery
Despite numerous successes in PAR4-AP antagonism, small molecule antagonism against the TL mechanism remains challenging due to the required potency necessary to override the high local concentration of agonist. Because of differences in signaling between PAR4-AP and TL agonism, even potential tool compounds require inhibition against TL activation. Ultimately, a PAR4-targeting therapeutic will require inhibition against the physiologically relevant TL mechanism. This either requires molecules with extremely low off-rates such as observed with vorapaxar in PAR1 or an allosteric approach, which can potentially be designed using structural information of PAR2 structures with an allosteric modulator. 
Aside from two compounds in the BMS series[64], all PAR4 antagonism is measured using functional readouts such as Gq-based calcium mobilization, arrestin recruitment, and GPIIbIIIa activation. Even similar peptide agonists and small molecule antagonists demonstrate varying activity responses[81] depending on the assay. With respect to lead-optimization, structure-activity-relationships (SAR) are blurred as a consequence of using downstream activity indicators as opposed to binding assays. This is the natural trade-off of investigating compound effects with respect to the desired physiological effect instead of direct binding, each with their own advantages and disadvantages. This is not to say that using functional assays is the wrong approach, but could lead to false positives (e.g. compounds binding to off-targets) or false negatives (e.g. compounds activating another signaling pathway other than what is observed in the assay). 
With respect to hit discovery methods described earlier in the introduction, there are major obstacles to overcome when using CADD. As discussed in Chapter 1.5.3, there currently exist limited chemical diversity of PAR4 TL antagonists, as these are all derived from the imidazothiadiazole hit from the initial BMS high-throughput screen. Consequently, this eliminates the possibility of using LB screening techniques described in Chapter 1.3.5. The lack of an active PAR structure or any PAR4 structure make a structure-based approach more difficult. A structure-based approach requires a homology modeling approach, which can be successful[97, 98], but inevitably lowers the accuracy in comparison to an experimentally determined structure of the target of interest. Despite these challenges, we describe here the efforts using SB-CADD methods including an ultra-large virtual docking screen of make-on-demand libraries into a homology model for hit discovery and subsequent lead-optimization. 
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This chapter includes published work from two publications in which I was an author. Sections 3.1-3.4 are extracted from “Assessing multiple score functions in Rosetta for drug discovery” in PLOS One (Smith and Meiler, 2020). Section 3.5 is extracted from “Ensuring scientific reproducibility in bio-macromolecular modeling via extensive, automated benchmarks” (Koehler, …, Smith, …, Meiler, Bonneau, 2021) published in Nature Communications. 
Author contributions: For Smith and Meiler, 2020, I wrote the text and designed all benchmarks tests, datasets, and performed the analyses under the supervision and mentorship of Jens Meiler. For Koehler J.K., …, Smith S.T.,  …, Meiler J., Bonneau R., 2021, I contributed the docking and ranking tests described in Smith and Meiler, 2020, to the larger scientific benchmark platform. Each test entailed acquiring datasets, writing the benchmarks and analyses, while making this accessible to all Rosetta developers for automatic testing. 
[bookmark: _Toc116054425][bookmark: _Toc117609160][bookmark: _Toc117609378][bookmark: _Toc119433507]Abstract
Rosetta is a computational software suite containing algorithms for a wide variety of macromolecular structure prediction and design tasks including small molecule protocols commonly used in drug discovery or enzyme design. Here, we benchmark RosettaLigand score functions and protocols in comparison to results of other software recently published in the Comparative Assessment of Score Functions (CASF-2016). The CASF-2016 benchmark covers a wide variety of tests including scoring and ranking multiple compounds against a target, ligand docking of a small molecule to a target, and virtual screening to extract binders from a compound library. Direct comparison to the score functions provided by CASF-2016 results shows that the original RosettaLigand score function ranks among the top software for scoring, ranking, docking and screening tests. Most notably, the RosettaLigand score function ranked 2/34 among other report score functions in CASF-2016. We additionally perform a ligand docking test with full sampling to mimic typical use cases. Despite improved performance of newer score functions in canonical protein structure prediction and design, we demonstrate here that more recent Rosetta score functions have reduced performance across all small molecule benchmarks. The tests described here have also been uploaded to the Rosetta scientific benchmarking server and will be run weekly to track performance as the code is continually being developed.
This section also shows the contributions of this work to the automated Rosetta-wide server where these benchmark tests can be run automatically to quickly and easily maintain the scientific rigor while code is constantly being updated. 
[bookmark: _Toc112162174][bookmark: _Toc114579190][bookmark: _Toc116054426][bookmark: _Toc117609161][bookmark: _Toc117609379][bookmark: _Toc119433508]Introduction
Computational structure-based drug discovery is a powerful strategy used to identify and optimize ligands. Computational protocols that study protein-small molecule (aka ligand) interactions are used in tandem with experiments in structure-based computer aided drug discovery (SB-CADD)[99-102]. A central aspect of SB-CADD methods is the development of an accurate score function to quantify the physicochemical interactions of protein-ligand complexes [103, 104]. Score functions have been continually developed since their inception; however, reliably calculating interactions between a protein target and a small molecule remains a formidable challenge [105, 106]. In terms of ligand docking of one small molecule to a target, the score function ideally extracts the native binding mode in comparison to non-native decoys [107]. Arguably a more difficult scoring problem is to estimate and rank binding energies across a compound series [108] or screen larger libraries to extract likely binders to given target [109]. Score functions largely fall into physics-based [110], empirical [11], knowledge-based [18] or machine learning [111] approaches. These calculations are a less resource-intensive approach in comparison to higher levels of theory and quantum-level calculations, albeit with a trade-off in accuracy [112, 113]. For this reason, score functions are commonly used during early-stage drug discovery and their development remains an active area of research. 
	The recent report of Comparative Assessment of Scoring Functions 2016 (CASF-2016) provides a standard benchmark for score function evaluation. CASF-2016 [1, 45, 114] measures the performance of different score functions across various tests. These tests include scoring and ranking of multiple compounds against the same target to assess a score function’s ability to favor tighter binders, docking of one compound to a respective protein target structure to assess how well a score function discriminates against incorrect binding modes, and screening for known binders against within a library of non-binding decoys (Figure 2.1). CASF-2016 organizers focus on the score function without introducing sampling biases, therefore they provide all structures in the dataset, as well as decoys for docking and screening tests. It is important to explicitly state that all runs and analyses are performed using from the distributed CASF-2016 inputs and scripts, allowing for direct comparisons to published results of other protocols. We exclude the ΔVinaRF20 [15] from our analysis because ~50%  of the dataset was included in the training set during development of this score function, as noted in [1]. Confidence intervals are also calculated using a provided bootstrapping method as described in CASF-2016. 
[bookmark: _Ref117626900][bookmark: _Toc117771852]Figure 2.1: Schematic of CASF-2016 tests. Examples of success and failures in (A) Scoring test; (B) Ranking test; (C) Docking test and (D) Screening test. 


While the terms of the Rosetta score functions are similar to terms used in molecular mechanics, the shape of the potential is mostly determined from statistics over geometries observed in experimentally determined structures deposited in the Protein Data Bank (PDB) (www.rcsb.org) [22]. It is assumed that structural features commonly observed in the PDB knowledge base are energetically more favorable. By using a Boltzmann equation, this probability is converted into a pseudo energy. Although these score terms are largely inspired by statistics, the corresponding weights have been optimized to some extent to align with experimentally observed free energies. Here, we provide a brief overview of score functions throughout Rosetta development; a comprehensive score function overview is presented in [23, 24].
The score functions tested here are RosettaLigand [115, 116], Talaris2014 [117-119], Ref2015 [16, 17] and Betanov16 [41]. Briefly, the RosettaLigand score function is a slight reweight to the Score12 score function [120] whereas Talaris2014, Ref2015 and Betanov16 are consecutive extensions of Score12. Note that there have been underlying changes between score functions with regards to weight refitting, including energy well-depths and other atom-specific parameters, but this overview will only mention major score term changes. 
The Score12 Rosetta score function is a linear summation of score terms consisting of Lennard-Jones Van der Waals potentials, Lazaridis-Karplus implicit solvation penalties, orientation-dependent hydrogen bonding, residue pair potentials, statistically-derived side chain rotamer and backbone torsional energies, and a reference energy for each amino acid representing the energy of the unfolded state (used in protein design), each with respective weights [120]. The RosettaLigand score function is similar to Score12, with the addition of score terms for small molecule ligands and a Coulombic pair-wise electrostatic term [115]. The Talaris2014 score function was developed from Score12 with the replacement of the residue pair potential with a Coulombic term to more accurately represent both short- and long-range electrostatic representations and implementation of the Dunbrack 2010 rotamer library [117-119]. Derived from the Talaris2014 score function, Ref2015 includes desolvation penalty terms with orientation-dependent solvation of polar atoms [16, 17]. Betanov16 is largely similar to Ref2015 with parameter re-training to improve polar interaction characterization and an implicit water bridging term [[121]]. 
	This paper reports the performance of multiple score functions used over the course of Rosetta development in CASF-2016 tests. The purpose of this assessment is three-fold. First, we want to fully benchmark different Rosetta scoring functions for these SB-CADD tasks as they developed over time. We will determine the current ‘best-practice’ in using Rosetta for SB-CADD. For this purpose, this benchmark tests the RosettaLigand [115], Talaris2014 [117], Ref2015 [16, 17] and Betanov16 (41) score functions. Second, we want to establish benchmarks that allow us to track changes in the code that either enhance or worsen performance and use this as a directive for future protocol and score function development. Third, a direct comparison of Rosetta score functions to other software reported in CASF-2016 suggests advantages and disadvantages to using Rosetta for specific research questions. Recent Rosetta score function development has focused heavily on optimizing for canonical protein structure prediction and design protocols; however, there has been little development in the score function with regards to small-molecule applications. 
	In addition to CASF-2016 tests, we also perform ligand docking with full sampling to investigate performance differences between Rosetta score functions in a more realistic test-case for users. Ligand docking with full sampling uses the standard Rosetta protocol which allows extensive flexible binding pocket sampling to obtain diverse ligand poses while using a score function to correctly identify the native binding mode. The purpose of this test is to determine how well each score function favorable scores the native binding mode against non-native decoy poses. Importantly, using poses sampled by Rosetta instead of pre-selected binding modes by CASF-2016 allows us to extract specific protein-ligand interactions considered favorable or unfavorable in each score function. Using these insights along with results from the other diverse CASF-2016 tests, this provides a more thorough benchmark to guide future work. 
[bookmark: _Toc112162175][bookmark: _Toc114579191][bookmark: _Toc116054427][bookmark: _Toc117609162][bookmark: _Toc117609380][bookmark: _Toc119433509]Results
[bookmark: _Toc112162176][bookmark: _Toc116054428][bookmark: _Toc117609163][bookmark: _Toc119433510]Starting structures for each benchmark are provided by CASF-2016 datasets. 
CASF-2016 provides all structural input data for each benchmark test in aims to reduce sampling biases between score functions and allowing for direct comparison between methods. In the scoring and ranking tests, which use a known structure to correlate score with experimental binding, CASF-2016 provides “raw” structures directly from the Protein Data Bank [72] without any optimization or structure modification. All Rosetta score functions use the Leonard-Jones 6-12 repulsive potential, which is sensitive to slight clashing and simply scoring unrefined structures results in artificially high values, clearly artifacts of this repulsive score term. As mentioned in CASF-2016 paper, score functions sensitive to clashing require optimization to alleviate artifacts therefore we minimize the structures prior to scoring. CASF-2016 also provides a locally-optimized “opt” set meant to slightly tweak the structure by minimizing significant clashes or unrealistic geometries. It should be noted that some inputs from the given opt set still have severe clashing therefore we perform the same minimization protocols on both the raw and opt inputs. Comparison of these results showed little change between raw and opt sets across various protocols and score functions (Figure A.1). Analysis presented here uses the raw set inputs, as this is more applicable to typical use-cases. 
For each benchmark test, we present protein subset results according to the CASF-2016 defined criteria to understand the effects of the binding pocket environment on performance, specifically the size, solvent exposure and hydrophobicity of surrounding residues. Subsets are parsed by three metrics: pocket hydrophobicity (H), solvent-accessible surface area of the ligand molecule buried upon binding (ΔSAS), and excluded volume inside the binding pocket upon ligand binding (ΔVOL). CASF-2016 parsed structures into three bins for each metric, each containing 19 protein-ligand clusters, denoted as H1/H2/H3, S1/S2/S3, and V1/V2/V3. H1 contains more polar pocket residues, S1 contains more solvent-exposed ligand pockets, and V1 contains smaller binding pockets. 
[bookmark: _Toc112162177][bookmark: _Toc116054429][bookmark: _Toc117609164][bookmark: _Toc119433511]Rosetta comparison to other CASF-2016 reported score functions. 
Across the CASF-2016 tests, Rosetta compared well to other reported score functions from other software (Figure 2.2). Most notably, the RosettaLigand score function is 2/34 when testing ability to rank multiple compounds against the same target. 

[bookmark: _Ref117627422][bookmark: _Toc117771853]Figure 2.2: Results of Rosetta score functions and other reported software in CASF-2016. (A) Pearson correlation in scoring test. (B) Average Spearman correlation in ranking test. (C) Docking test with percentage of complexes where native pose within top 1%, 2% and 3% shown in black, gray and white, respectively. (D) Forward-screening test with percentage of complexes scoring known binder in top 1%, 5% and 10% shown in black, gray and white, respectively. Confidence intervals shown in (A) and (B). For simplicity, only the top performing score function from each external program is presented here. 

[bookmark: _Toc112162178][bookmark: _Toc116054430]Most score functions perform similarly and not well in the scoring test with correlation ranging from 0.4-0.6, demonstrating the challenge of comparing across larger chemical space and normalizing diverse protein-ligand interactions. The ranking test shows reasonable ability to rank multiple compounds to a single target. In the docking test, score functions can distinguish a near-native binding pose when given a non-native decoys. All score functions tested here and in CASF-2016 perform poorly when tested to extract known binders against a library of non-binders, demonstrating the difficulty of reliable virtual screening across large compound sets. 
[bookmark: _Toc117609165][bookmark: _Toc119433512]Newer Rosetta score functions show decreased performance in all CASF-2016 tests. 
In each test, we demonstrate that the newer score functions, which have been heavily optimized for protein structure prediction and design, perform worse in comparison to the original RosettaLigand score function for different small molecule tasks (Figure 2.3). The differences are small in the scoring, docking and screening tests; however, the difference is most notable in the ranking test where RosettaLigand and Talaris2014 average correlations hover at 0.6, whereas Ref2015 and Betanov16 at 0.5. It should also be noted that computation speeds are nearly doubled when using the newer score functions, an issue that is currently being addressed in the developer community. Results of each Rosetta score function are discussed below and summarized in Table 2.1.  


[bookmark: _Ref117627596][bookmark: _Toc117771854]Figure 2.3: Results of the different Rosetta score functions. (A) Pearson correlation in scoring test. (B) average Spearman correlation in ranking test. (C) Docking test with percentage of complexes where native pose within top 1%, 2% and 3% shown in black, gray and white, respectively. (D) Forward-screening test with percentage of complexes scoring known binder in top 1%, 5% and 10% shown in black, gray and white, respectively. Confidence intervals shown in (A) and (B).



All
H1
H2
H3
S1
S2
S3
V1
V2
V3
Scoring
RosettaLigand
0.58
0.56
0.66
0.50
0.66
0.45
0.59
0.32
0.50
0.64

Talaris2014
0.56
0.53
0.62
0.48
0.61
0.40
0.64
0.22
0.52
0.65

Ref2015
0.55
0.49
0.58
0.56
0.60
0.43
0.59
0.23
0.50
0.60

Betanov16
0.53
0.50
0.58
0.49
0.61
0.41
0.56
0.23
0.46
0.58
Ranking
RosettaLigand
0.63
0.58
0.62
0.70
0.74
0.63
0.52
0.73
0.49
0.68

Talaris2014
0.62
0.51
0.63
0.72
0.67
0.65
0.52
0.72
0.47
0.67

Ref2015
0.49
0.51
0.49
0.48
0.56
0.60
0.28
0.54
0.41
0.53

Betanov16
0.48
0.53
0.49
0.42
0.54
0.59
0.28
0.52
0.41
0.52
Docking
RosettaLigand
0.78
0.78
0.81
0.76
0.70
0.80
0.86
0.67
0.84
0.83

Talaris2014
0.75
0.79
0.79
0.68
0.71
0.76
0.80
0.66
0.82
0.78

Ref2015
0.74
0.78
0.68
0.76
0.67
0.76
0.79
0.68
0.78
0.76

Betanov16
0.75
0.82
0.70
0.73
0.68
0.75
0.81
0.66
0.83
0.75
Screening
RosettaLigand
0.21
0.16
0.32
0.16
0.21
0.19
0.24
0.11
0.26
0.26

Talaris2014
0.21
0.26
0.26
0.11
0.16
0.24
0.24
0.00
0.32
0.32

Ref2015
0.14
0.16
0.21
0.05
0.16
0.14
0.12
0.05
0.16
0.21

Betanov16
0.18
0.21
0.26
0.05
0.16
0.19
0.18
0.05
0.21
0.26

[bookmark: _Ref117627956][bookmark: _Toc117771834]Table 2.1: Subset results across all CASF-2016 tests. 
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[bookmark: _Toc119433513]Scoring Test Results
The scoring test uses the Pearson correlation to analyze a score function’s ability to linearly correlate the predicted interaction with experimental binding affinity across the full 285 protein-ligand complex dataset. Pearson correlation varies between 0 and 1 (where 1 is a perfect correlation) and is calculated by Equation 2.1 where xi and yi are the binding score and experimental binding constant of a complex, respectively.  
[bookmark: _Ref117687225]Equation 2.1: Pearson correlation equation

In the scoring test, Rosetta score functions perform similarly to others with Pearson correlations hovering between 0.5 and 0.6. There are only slight changes in performance depending on the score function used, which prompt more specific analyses on subsets based on protein and ligand properties. We observe improved performance in binding pockets with moderate hydrophobicity (subset H2) compared to those that are more polar (H1) or hydrophobic (H3).  Solvent accessibility decreases performance in pockets with moderate exposure to solvent (S2) compared to surface pockets with large solvent exposure (S1) and deeper pockets with little solvent exposure (S3). Correlation in complexes containing small pocket volumes (V1) drops significantly compared to larger pocket volumes (V2,V3). This is a frequent observation across many tested score functions in the CASF-2016 analysis; however, this effect is more apparent with Rosetta where V1 correlations ranged from 0.2-0.3 compared to ~0.5 and ~0.6 for V2 and V3 subsets, respectively. The RosettaLigand score function performs similarly to other Rosetta score functions for V2 and V3 subsets; however, it is markedly better in the V1 subset.
[bookmark: _Toc116054432][bookmark: _Toc117609167][bookmark: _Toc119433514]Ranking test results
The ranking test uses the Spearman correlation to analyze a score function’s ability to rank binding affinities of compounds against the same protein target. The starting 285 complexes are partitioned into 57 clusters each containing 5 protein-ligand pairs with target sequence similarity > 90%, as well as the respective binding affinities of each ligand to its respective target. The Spearman correlation of each system varies between 0 and 1 (where 1 is perfect ranking) and is calculated by Equation 2.2 where rxi and ryi are the ranks of the binding score and experimental binding constant of the ith complex, respectively, and n is the number of samples in the complex. 



[bookmark: _Ref117687509]Equation 2.2: Spearman correlation equation

In the ranking test, we obtain an average Spearman correlation of 0.63 using the RosettaLigand score function, which performs similarly to DrugScoreCSD, ChemPLP@GOLD and LUDI2@DS. An important observation from this study is the difference in ranking ability of the Rosetta score functions, specifically between the RosettaLigand and Talaris2014 (0.60-0.63) score functions compared to Ref2015 and Betanov16 (0.48-0.51). For RosettaLigand and Talaris2014 score functions, we see steady increasing performance in increasing hydrophobic environments (H3>H2>H1). Performance is similar in Ref2015 across hydrophobic environments and performance decreases in increasing hydrophobicity in Betanov16. Solvent exposure analysis reveals performance decreases for all score functions in more solvent occluded pockets (subset S3). The results are particularly drastic for Ref2015 and Betanov16 score functions in less solvent exposed pockets where we see ~0.6 and ~0.3 for the S2 and S3 subsets, respectively. As mentioned, there is drop-off in performance in less solvent accessible pockets for the RosettaLigand and Talaris2014 score functions as well; however, correlations are 0.60 and 0.53 for S2 and S3 subsets, respectively. Across all score functions, pockets of moderate pocket volume size (V2) perform worse than complexes with small/large pocket volumes (V1, V2) and the large pocket volume subset perform best. Although this trend is observed across all score functions, RosettaLigand and Talaris2014 consistently have the highest correlations in each volume subset. 
[bookmark: _Toc116054433][bookmark: _Toc117609168][bookmark: _Toc119433515]Docking test results
The docking test analyzes a score function’s ability to distinguish true ligand binding orientation from decoys and is performed across the full 285 protein-ligand dataset. The provided docking test dataset contains 100 near native poses and decoys spanning from 0-10 Å RMSD relative to the co-crystallized structure for all 285 protein-ligand complexes. RosettaLigand and Talaris2014 score functions display an improved performance in distinguishing near-native poses, but these values range only between 75-78% of complexes across all tested score functions. Subset analysis shows moderate increases in performance in more polar pockets across all score functions and is particularly apparent in Ref2015 and Betanov16 score functions. All score functions perform better in increasingly non-solvent exposed pockets with success rates averaging at 69%, 77% and 82% for S1, S2 and S2 subsets, respectively. Docking into small pockets performs worse than medium-large pockets where we observe success rates of 67%, 82% and 78% in V1, V2 and V3 subsets, respectively. 
[bookmark: _Toc116054434][bookmark: _Toc117609169][bookmark: _Toc119433516]Screening test results
The screening test analyzes a score function’s ability to extract true binders for a protein target against a library of non-binders and is performed using one representative protein target from each of the 57 clusters derived in the ranking test against all 285 ligands from the full dataset. All 285 ligands are docked 100 times to each cluster representative. The 5 ligands belonging to that cluster are classified as true binders, whereas compounds from other clusters are considered non-binders. There are several known binding crossovers between the given clusters, which are taken into account in the analysis. RosettaLigand and Talaris2014 score functions successfully identify the highest-affinity binder within the top 1% of scored outputs in 21% of cases and an enrichment factor between six and seven for outputs within the top 1%. In all score functions tested here, enrichment values decreases as more compounds outside the top 1% were used, indicating that there is some ability to discriminate binders and non-binders. These effects are modest at best with maximum enrichments of 6.9, 4.4 and 3.1 using the top 1%, 5% and 10% of scored compounds, respectively. There are some general trends across all the score functions tested; however, there is considerable noise in these screening tests. We see overall performance drop-offs in largely hydrophobic pockets (H3) whereas the effects are less apparent in more polar pockets (H1, H2). Performance appears largely independent of solvent accessibility where we see little change across S1, S2 and S3 subsets. There is a considerable dependence on pocket volumes, notably the low success rates in complexes with small pocket volumes (V1).
[bookmark: _Toc112162179][bookmark: _Toc116054435][bookmark: _Toc117609170][bookmark: _Toc119433517]Full sampling docking protocol testing
The full docking protocol sequentially performs coarse-grained low-resolution sampling, a high-resolution sampling step followed by a final energy minimization[122, 123]. This protocol also performs extensive ligand conformer sampling; however, conformers must be pre-generated using another software such as BCL::Conf [124]. For each complex, we generated 1000 output poses, each with a corresponding score and RMSD relative to the experimentally determined co-crystal structure. Although we can’t directly compare full docking results to those in CASF-2016, this allowed us to compare different internal Rosetta score functions on this dataset in a more realistic docking situation. This analysis uses the “pnear” metric defined by Equation 2.3 to quantify a score function’s ability to recapture the experimentally determined binding pose or the “funnel-likeness” of a RMSD vs. energy plot [125]. The pnear calculation is typically used to determine folding propensity where a value of 1 suggests a protein exists solely in the native state (0 Å), whereas a pnear of 0 suggests a protein will never exist in the native state. Figure 2.1C example shows pnear values of 1 and 0.1 for the left and right score vs. RMSD plots, respectively. 
  where  and kBT = 0.62.


[bookmark: _Ref117687634]Equation 2.3: Pnear calculation

[bookmark: _Toc112162180][bookmark: _Toc116054436][bookmark: _Toc117609171][bookmark: _Toc119433518]RosettaLigand outperforms other score functions in ligand docking with full sampling test.
We run low-resolution sampling first to acquire the same starting positions before running high-resolution docking and final minimization in each score function. Comparison of number of near-native poses is the same across all score functions suggesting changes are due to scoring differences and not sampling bias (Figure A.2). We determine success of a docking run using the pnear metric as described above and compare this value for each protein-ligand complex across all score functions. Comparison of pnear values shows that overall, RosettaLigand scoring has greater pnear values compared to Talaris2014, Ref2015 and Betanov16 (Figure 2.4). Points below the diagonal represent complexes where RosettaLigand outperformed the other score function, points above the diagonal represent RosettaLigand performed worse and points along the diagonal represent similar performance of both score functions. The number of cases where a pnear difference is greater than 0.3 are shown.  
[bookmark: _Ref117628581][bookmark: _Toc117771855]Figure 2.4: Pnear values from the ligand docking with full sampling. Comparison of RosettaLigand performance to (A) Talaris2014, (B) Ref2015 and (C) Betanov16.


[bookmark: _Toc117609172][bookmark: _Toc119433519]Testing preparation protocols
Using these “raw” input structures, we run these through different preparation protocols to determine the best performing methods. Although there are many approaches to take, we narrowed down to how much protein refinement and ligand preparation is necessary prior to calculations for optimal performance. To test different protein preparation methods, we compare results using the raw structure directly downloaded from the PDB and a constrained-relax protocol on the apo protein structure [126]. We also report the effect of two partial charge generation methods, a python script within the Rosetta package (molfiletoparams.py) that assigns partial charges based on atom-type, and AM1-BCC partial charge methods using AMBER [127]. As mentioned previously, there are structures where small molecules with significant steric clashing artificially inflate Rosetta scores. We test whether simple minimization using the FinalMinimizer mover is enough to alleviate these clashes or if undergoing high-resolution sampling using the HighResDocker mover followed by the FinalMinimizer is better to estimate binding energies where an experimentally determined structure is provided. Scores were calculated using the InterfaceScoreCalculator mover. Changes were done in the RosettaScripts interface [128]. Each preparation pipeline was tested for all score functions. Based on these results, there is no significant change in ranking ability based on preparation schemes prior to scoring the complex (Figure A.3). The changes between the different score functions are consistent with prior findings where RosettaLigand/Talaris2014 outperform Ref2015/Betanov16 in all preparation settings. 
[bookmark: _Toc112162182][bookmark: _Toc114579193][bookmark: _Toc116054438][bookmark: _Toc117609173][bookmark: _Toc117609381][bookmark: _Toc119433520]Discussion
[bookmark: _Toc112162183][bookmark: _Toc116054439][bookmark: _Toc117609174][bookmark: _Toc119433521]Testing across a range of inputs, preparation protocols and score functions leads to areas of focus in future development.
The lack of change between ranking test results under different protocol pipelines signifies potential areas where Rosetta score functions need improvement. The lack of performance change between partial charging schemes, molfiletoparams and AM1-BCC, signifies that electrostatic terms need potential re-evaluating for small-molecule tasks. Another area to investigate is the solvation term, as this is one of the major changes between Talaris2014 and Ref2015 implementations. Pocket hydrophobicity analysis reveals important differences in ranking ability of each score function, showing that earlier score functions perform better in increasing hydrophobic environments, whereas newer score functions perform worse. These data suggest the need to potentially re-evaluate hydrophobic calculations for small molecules in the newer framework. 
[bookmark: _Toc112162184][bookmark: _Toc116054440][bookmark: _Toc117609175][bookmark: _Toc119433522]We propose the immediate next steps for Rosetta development in SB-CADD. 
Rosetta contains functionality used in other protocols that can be translated to small-molecule predictions to aid binding predictions. A possible avenue is to apply protein-protein docking and interface analyses shown to improve prediction accuracy in other benchmarks to small molecule predictions [129, 130]. The InterfaceAnalyzer Mover in RosettaScripts, initially written to analyze protein-protein interfaces, provides helpful tools to compare multiple binding poses [130, 131]. Work towards a more ensemble-like representation of protein and a small molecule may also provide a more realistic calculation of a binding event. Unlike canonical amino acids, Rosetta currently does not contain chemical or physical information specific to small molecules and relies on external software to generate ligand parameters. Consequently, Rosetta doesn’t properly score ligand energetics such as torsional strain. Next efforts also include the existing Rosetta framework to obtain ensemble representations of protein-ligand interactions for a representation more closely resembling natural binding events. 
[bookmark: _Toc117609176][bookmark: _Toc119433523]Improving benchmarking
Here we present the most extensive small-molecule benchmarking of different Rosetta methods and score functions to date and allow simple comparison to other software programs. Moreover, we conclude that recent Rosetta score functions have reduced performance across all benchmarks tested here. This is particularly evident in the ranking test, where the RosettaLigand and Talaris2014 achieve significantly higher correlations than Ref2015 and Betanov16. The results presented here are somewhat expected, as most work in recent Rosetta development has focused on improving protein structure prediction and design. Importantly, others have shown that newer Rosetta score functions have improved canonical protein structure prediction and design within the Rosetta framework. Importantly, this analysis is meant to capture the status of small molecule-related protocols within Rosetta while not discrediting these other findings. This paper should also begin the conversation within the developer sphere about using different score functions depending on the specific application. This is not a novel concept, as most other software suites already do this with score functions and force field optimization. The benchmarks described here have been added to the Rosetta scientific benchmarking server and will be run weekly to track performance as the code is continually being developed.
[bookmark: _Toc116054442][bookmark: _Toc117609177][bookmark: _Toc117609382][bookmark: _Toc112162186][bookmark: _Toc114579194][bookmark: _Toc119433524]Integrating small molecule benchmarks into the Rosetta automated scientific test server
[bookmark: _Toc116054443][bookmark: _Toc117609178][bookmark: _Toc119433525]Rosetta-wide scientific benchmarking campaign
Rosetta developers began a community-wide automated scientific benchmarking effort. Notably, this is separate from unit and integration tests that are involved in maintaining large software packages. Unit tests pertain to making sure new code is compiled and running properly, while integration tests ensure that code is incorporated into the existing codebase without causing unforeseen issues. Scientific tests take code that has successfully been integrated into Rosetta and run these protocols to ensure that the scientific rigor is maintained while the codebase is constantly undergoing active development. By applying this to a public benchmarking server, this effort also allows easy investigation into the scientific reproducibility of these protocols. 
As this was a community-wide effort, the types of protocols ranged across many applications within the Rosetta software suite including protein structure prediction, antibody modeling, glycan masking, peptide prediction, RNA structure prediction, among others. A full list of protocols is available in [132]. 
[bookmark: _Toc116054444][bookmark: _Toc117609179][bookmark: _Toc119433526]Small molecule tests integration into server
Each test required the necessary input files to properly run each protocol for testing. This consists of individual structure files of both the apo-state protein and ligand structure, pre-generated ligand conformers, a ligand parameter file, and the PDB protein-ligand complex for root-mean-squared-deviation (RMSD) calculations. The necessary scripts to run these tests were also written and uploaded in accordance with the benchmarking server requirements. These scripts were written in python and are labeled 0.compile.py, 1.submit.py, 2.analyze.py, 3.plot.py, and 9.finalize.py. These scripts run compilation, submission of jobs to the server, post-run analysis, plotting for visual analysis (see Figure A.4 for example), and a final output for metrics to determine if a test passed or failed according to specified criteria. Other files with notes on appropriate citations, run information, dataset acquisition, authorship for future reference, and a readme, are also uploaded. 
[bookmark: _Toc116054445][bookmark: _Toc117609180][bookmark: _Toc117609383][bookmark: _Toc119433527]Conclusion
This paper investigates the use of multiple score functions within the Rosetta framework to determine the best available methods for small molecule protocols. To accomplish this, we use the CASF-2016 benchmark set consisting of a range of tasks and an additional a docking run with full sampling. Direct comparison to the 34 score functions provided by CASF-2016 results shows that the original RosettaLigand score function performs well in comparison to other top software. Notably RosettaLigand is 2nd among other CASF-2016 participants when ranking multiple compounds against a single protein target, demonstrating potential use in compound optimization schemes. We also show that more recent Rosetta score functions that have focused on canonical protein structure and design have reduced performance across all protocols tested here. This dataset along with the docking and ranking tests have been uploaded to the Rosetta scientific benchmarking server for weekly testing to track performance as the code is continually being developed. By testing and developing our score functions against various parameters, we can gain perspective as to where our algorithms fail and require immediate attention moving forward. 
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[bookmark: _Toc81300583][bookmark: _Toc81301047][bookmark: _Toc86837984][bookmark: _Toc112162189][bookmark: _Toc116293748][bookmark: _Toc117609183][bookmark: _Toc117609386][bookmark: _Ref119432991][bookmark: _Toc119433529][bookmark: _Toc86837990]PlaceWaters: real-time, explicit interface water sampling during Rosetta ligand docking
This chapter is a reproduction of Smith ST, Shub L, Meiler J. “PlaceWaters: real-time, explicit interface water sampling during Rosetta ligand docking”. 
[bookmark: _Toc112162190][bookmark: _Toc116293749][bookmark: _Toc117609184][bookmark: _Toc117609387][bookmark: _Toc119433530]Abstract 
[bookmark: _Toc86837991]Water molecules at the protein-small molecule interface often form hydrogen bonds with both the small molecule ligand and the protein, affecting the structural integrity and energetics of a binding event. The inclusion of these ‘bridging waters’ has been shown to improve the accuracy of predicted docked structures; however, due to increased computational costs, this step is typically omitted in ligand docking simulations. In this study, we introduce a resource-efficient, Rosetta-based protocol named “PlaceWaters” to predict the location of explicit interface bridging waters during a ligand docking simulation. In contrast to other explicit water methods, this protocol is independent of knowledge of number and location of crystallographic waters in homologous structures. We test this method on a diverse protein-small molecule benchmark set in comparison to other Rosetta-based protocols. Our results suggest that this coarse-grained, structure-based approach quickly and accurately predicts the location of bridging waters, improving our ability to computationally screen drug candidates. 
[bookmark: _Toc112162191][bookmark: _Toc116293750][bookmark: _Toc117609185][bookmark: _Toc117609388][bookmark: _Toc119433531]Introduction  
[bookmark: _Toc86837992][bookmark: _Toc112162192][bookmark: _Toc116293751][bookmark: _Toc117609186][bookmark: _Toc117609389][bookmark: _Toc119433532]Computational ligand docking in drug discovery. 
Structure-based computer-aided drug discovery (SB-CADD) is a field at the intersection of computer science and structural biology that uses computational tools to identify small molecule (ligand) binders from the three-dimensional structure of a protein[99]. Computational protein-ligand docking attempts to predict the structure of a small molecule ligand in complex with its associated protein. Examples of docking programs include RosettaLigand[115, 116, 122, 123], Glide[12], and AutoDock[133]. This protocol will focus on RosettaLigand, a ligand docking protocol within Rosetta that takes advantage of the Rosetta protein modeling infrastructure and scoring function to virtually dock small molecule ligands with full backbone, side chain, and ligand flexibility. 

[bookmark: _Toc86837993][bookmark: _Toc112162193][bookmark: _Toc116293752][bookmark: _Toc117609187][bookmark: _Toc117609390][bookmark: _Toc119433533]Protein-ligand interface water molecules play a crucial role in binding. 
Up to two-thirds of protein-ligand interfaces contain one or more water molecules within the binding site, many of which form hydrogen bond networks with both the ligand and the protein[134]. These “bridging waters” play a key structural role in the binding of a ligand within an active site, and in many cases dictate the geometry and energetics of a binding event. One well-studied example is HIV-protease, where key water molecules in the interface stabilize the binding of class HIV-1 protease inhibitors[135, 136]. Despite this, water is typically ignored during protein-ligand docking studies due to the increased computational complexity introduced by both predicting and modeling these waters.
[bookmark: _Toc86837994][bookmark: _Toc112162194][bookmark: _Toc116293753][bookmark: _Toc117609188][bookmark: _Toc117609391][bookmark: _Toc119433534]Ligand docking with explicit waters improves accuracy. 
Previous studies in other common docking software show that including explicit waters in the immediate vicinity of both the protein and the ligand improves overall docking accuracy [12, 48, 133, 137]. Past efforts to model the effects of water in RosettaLigand leverage the ability of Rosetta to simultaneously dock multiple small molecules such as waters and cofactors, either keeping waters stationary relative to the protein (“protein-centric”) or translating waters along with the ligand (“ligand-centric”)[138]. These approaches have limited applicability, since they rely on the location and number of experimentally-determined water locations a priori. Recent parallel efforts within Rosetta use both implicit and explicit water representation methods to improve sampling and scoring terms for coordinated water molecules at protein-protein and protein-small molecule interfaces[16, 17, 121]. The method described herein complements these approaches within Rosetta, in particular allowing for rapid placement of water molecules for later refinement. 
[bookmark: _Toc112162195][bookmark: _Toc116293754][bookmark: _Toc117609189][bookmark: _Toc119433535]Prediction of water molecules in protein-small molecule interfaces
There have been many approaches to this problem using both explicit and implicit water molecule representation, including (but not limited to) one or a combination of molecule mechanics force fields[16, 17, 139-141], knowledge-based terms[140, 142, 143], homology structures[144], and manual curation. To the authors knowledge, the 2015 CAPRI assessment[145] is the most recent blind prediction specifically looking at water molecules in a single protein-protein interface example, and the results highlight the difficulty of this problem. Briefly, teams were first asked to predict a protein-protein interaction from a highly conserved system then asked to predict the water network at this interface. Most teams successfully predicted the protein-protein interaction; however, water predictions were largely unsuccessful with only 6% of models successfully recaptured >50% of water-mediated contacts. This type of assessment has not been performed since, nor specifically for protein-small molecule interactions. 
[bookmark: _Toc86838005]Here we describe the “PlaceWaters” protocol, a new algorithm to predict the locations of bridging waters during a docking simulation. Notably, and in contrast to previously described methods, PlaceWaters is independent of prior knowledge of the location of waters in experimental structures or the number of waters to place within a binding site. We also present the results on a diverse benchmark of protein-ligand associations. Our results demonstrate that our structure-based water placement algorithm can quickly and correctly predict the locations of bridging waters to the same success as previously described methods. Though the results are promising, we also offer areas for potential improvement that build on our method described here. 
[bookmark: _Toc112162196][bookmark: _Toc116293755][bookmark: _Toc117609190][bookmark: _Toc117609392][bookmark: _Toc119433536]Materials and Methods
[bookmark: _Toc112162197][bookmark: _Toc116293756][bookmark: _Toc117609191][bookmark: _Toc117609393][bookmark: _Toc119433537]The PlaceWaters Mover algorithm
First, a grid is superimposed onto the ligand, where size of the grid is double the distance between the center of the ligand to the most distal heavy atom. We iterate through all grid voxels and record unoccupied coordinates. We further prune this set of “candidate coordinates” to remove all coordinates below a certain cutoff to existing atoms, leaving only coordinates that are a sufficient distance from both the ligand and the protein. The remaining coordinates are clustered into “voids” based on a user-defined distance and any clusters that are within 2Å of each other are merged. The final set of candidate coordinates is the centroid of each resulting cluster. The final step in the algorithm involves checking each of the remaining candidate coordinates for hydrogen bond donors and acceptors in a shell around them. If a hydrogen donor or acceptor atom is present on both the ligand and the protein within the desired cutoff values, the coordinate is accepted, and a water oxygen is placed at this coordinate. These steps are represented visually in Figure 3.1A-C. 
	
Parameter optimization to set default cutoff distances for merging, clustering, and accepting possible hydrogen bonds was performed using Bayesian optimization in the ‘hyperopt’ software[146]. These values can be easily modified to the user’s preference in the XML script (see APPENDIX A). We use the RMSD distance between oxygen molecules in equivalent native and added waters as the objective function during optimization. The input files used were the native poses of the training associations, stripped of all water molecules. The resulting optimal values of each parameter were used to perform the benchmark test.
[bookmark: _Ref117628488][bookmark: _Toc117771856]Figure 3.1: Workflows for each protocol. “Saturation test” followed by the different docking tests. The figures in the blue box outline the individual steps within the PlaceWaters mover, which are the same in both the “saturation” and “with waters” tests. Left: water grid at given density around ligand in unoccupied coordinates; Middle: Cluster waters to average coordinate C) Right: final water placement after hydrogen bonding donor or acceptor check. Co-crystallized waters are shown in red spheres, predicted waters depicted in cyan spheres (PDB: 3K97). 

[bookmark: _Toc116293757][bookmark: _Toc117609192][bookmark: _Toc119433538]Saturation test
The “saturation test” looks to determine the ability of the PlaceWaters algorithm to put waters correctly into the native protein-ligand interface. This takes the native protein-ligand interface and places the waters accordingly without any structural perturbation of the protein or the ligand. We break down the algorithm performance to determine the loss of correct water placement at each step. In each case, we calculate the distance between the oxygen atoms in each bridging water and the nearest placed water molecule. A success case is classified as a water is placed within 1.4Å of a bridging water. Separately, we look at the number of waters added compared to the known native waters for over- and under-estimation of water addition. 
[bookmark: _Toc116293758][bookmark: _Toc117609193][bookmark: _Toc119433539]Docking tests 
Inclusion of water placement is meant to be used to improve ligand docking predictions, therefore we ran the benchmark set against other Rosetta-based protocols for comparison. The relationship between these protocols is displayed in Figure 3.1. In each docking test (RosettaLigand with PlaceWaters, RosettaLigand without PlaceWaters, and RosettaLigand with protein- and ligand- centric water placement), we used the same metrics as in the saturation test to determine successful water placement. Additionally, we wanted to know if the addition of explicit water molecules helped with ligand binding predictions during docking. To determine if PlaceWaters aided in sampling the native ligand binding pose, we simply compare the percentage of output models <2Å RMSD of the native binding mode between RosettaLigand with and without PlaceWaters. We also wanted to know if the inclusion of explicit waters scores native-like ligand poses more favorably. To determine this, we compare the number of <2Å models in the top 10% by score between RosettaLigand with and without PlaceWaters.
[bookmark: _Toc116293759][bookmark: _Toc117609194][bookmark: _Toc119433540]RosettaLigand with and without PlaceWaters 
The standard ligand docking protocol in Rosetta briefly consists of the following steps: initial placement of the ligand into the binding pocket, low- then high-resolution sampling of the ligand, and a final energy minimization.  Using the average coordinate of the co-crystallized ligand as a starting point, the low-resolution step undergoes random transformations, with an initial perturbation of 3.0 Å followed by random perturbations within 5 Å and 5°, or a switch to a different ligand conformer. This occurs 500 times through a Monte Carlo sampling process, wherein a favorable change is always accepted, and an unfavorable change is accepted based on the Metropolis criteria. The resulting lowest-energy pose is the final output. In high-resolution sampling, the ligand, any present waters, and side chains within 6.0 Å of the ligand or within 2.0 Å of any waters, are optimized by small translations up to 0.1 Å and rotations of up to 5°. This is followed by a gradient descent algorithm that further adjusts the ligand and side chain positions. This process is repeated six times, again utilizing a Monte Carlo approach as described above. The high-resolution step is followed by the final minimization step in which all waters, ligand torsion angles, as well as backbone φ and ψ angles and side chain χ angles within 7.0 Å of the ligand or 2.5 Å of any water molecules are perturbed to find the local energetic minimum. The final output pose is scored and evaluated. 
Importantly, we excluded potential differences derived from the low-resolution sampling step by using the same output from the low-resolution steps in both RosettaLigand protocols with and without the PlaceWaters mover. In each protein-ligand case, we produced 1000 outputs from low-resolution sampling to then be used as input for the PlaceWaters step (RosettaLigand with PlaceWaters) or straight into high-resolution docking steps (RosettaLigand without PlaceWaters). 
[bookmark: _Toc116293760][bookmark: _Toc117609195][bookmark: _Toc119433541]RosettaLigand with protein- and ligand-centric waters
We also compared performance against the existing protein- and ligand-centric docking protocols[48], using the protein with the interface bridging waters already present as the starting protein pose for docking. The protein-centric docking method places water molecules in their known crystallographic coordinates and subsequently performs low-resolution ligand docking while translating these waters simultaneously with respect to protein structure perturbations. The ligand-centric docking method also uses known crystallographic water coordinates, but the waters are translated along with the ligand coordinates during the low-resolution sampling step. 
[bookmark: _Toc112162198][bookmark: _Toc116293761][bookmark: _Toc117609196][bookmark: _Toc117609394][bookmark: _Toc119433542]Benchmark dataset preparation
 Selection and curation of a diverse small molecule dataset is visually represented in Figure 3.2. The benchmark proteins are taken from the set of associations known as the “Platinum set”[147]  and the CSAR 2014 benchmark[148]. The original dataset contained 4548 protein-ligand interactions; however, we removed systems containing DNA/RNA, non-water cofactors within 6Å of the ligand, more than 6 bridging waters, and greater than 1.7Å structure resolution. The final dataset contained 219 protein-ligand interactions (see APPENDIX A for full list). “Bridging waters” were defined as those within 3Å of both the ligand and the protein in the native structure while “local waters” were defined as those within 5Å of any ligand atom (see get_native_waters.py script in Supplementary Materials).  The total dataset of 219 protein-ligand complexes contains a combined 480 and 2268 bridging waters and local waters, respectively. The PlaceWaters protocol is designed to recapture the bridging waters between a protein and ligand, but we also include local waters for evaluation.
[bookmark: _Toc112162199][bookmark: _Toc116293762]
[bookmark: _Toc117609197][bookmark: _Toc117609395][bookmark: _Toc119433543][bookmark: _Toc86838006]Results
[bookmark: _Ref117628890][bookmark: _Toc117771857]Figure 3.2: Dataset information. A) Selection criteria with respective number of complexes that pass; Distribution of B) number of bridging waters and C) ligand pocket solvent-accessible surface area across dataset.  

[bookmark: _Toc112162200][bookmark: _Toc116293763][bookmark: _Toc117609198][bookmark: _Toc117609396][bookmark: _Toc119433544]The saturation test demonstrated that PlaceWaters successfully predicts explicit waters at the binding interface. 
We initially tested performance on the native crystallographic ligand poses of the benchmark set to determine how well the PlaceWaters mover determines water locations without protein and ligand docking. Out of 480 bridging water molecules across 219 complexes, we successfully recapture 166 bridging waters (35%). While this percentage appears low, it is on par or better when compared to competing algorithms with the same task while other algorithms have not been benchmarked on this blind prediction. For comparison, the overall results of the CAPRI assessment demonstrated that out of 176 high or medium quality docking models, 44% successfully recaptured 30% of water molecules at the protein-protein interface, and 6% captured greater than 50%. Another key finding in the CAPRI assessment demonstrated that even the successful docking models overestimate the number of waters resulting in roughly half of water contacts as false positives. Similarly, the PlaceWaters mover overestimates the number of waters in its predictions (Figure 3.3). Over-addition could be corrected by adjusting several parameters: decreasing the allowed cutoffs for acceptable hydrogen bond donors and acceptors, leading to fewer candidate meeting these criteria or increasing the clustering distance when selecting candidate coordinates, leading to fewer, larger clusters. Since we want to predict putative water locations for further refinement, we aired on the side of over-predictions. Increasing the allowed hydrogen bond donor/acceptor distance or lowering the clustering distance cutoffs too much, however, tends to over-predict waters in the pocket. In a few cases, even using the optimized cutoffs, PlaceWaters adds up to eight water molecules in a pocket without any bridging waters. Upon inspection of these individual cases, these ligand pockets are entirely solvent-exposed and likely contain bulk water in these regions. 

[bookmark: _Ref117628994][bookmark: _Toc117771858]Figure 3.3: Saturation test results: A) Blue: percentage of crystallographic waters that contain a placed water within 1.4Å at each filtering step; orange: Total number of placed waters in dataset after each filtering step. B) Comparison of number of crystallographic waters versus number placed in dataset. 

[bookmark: _Toc119433545]Docking results with PlaceWaters
We first determined if the addition of PlaceWaters increases sampling the native ligand binding pose by comparing the number of sub-2Å outputs when using RosettaLigand with and without the PlaceWaters step. Based on this test, there fails to be an improvement in sampling low-RMSD binding poses when using PlaceWaters (Figure 3.4). This result is expected based on the order of steps in the pipeline and PlaceWaters being implemented between the low- and high-resolution sampling steps. Typically, the ability to sample near-native ligand conformations is based on the low-resolution step where there are larger ligand perturbations throughout the pocket. 

[bookmark: _Ref117629175][bookmark: _Toc117771859]Figure 3.4: Sampling results. Number of sub-2Å ligand RMSD output models in comparison to ligand-centric (left) and protein-centric (right) methods. 


	We then tested if adding the PlaceWaters step enriched near-native ligand poses by comparison the number of near native ligand binding poses within the top 5% of output interface scores. Based on our benchmark set, there is also little improvement in scoring with and without water placement (Figure 3.5). Since we have not refactored any of the scoring methods to include water-based interactions, this is expected. 

[bookmark: _Ref117629395][bookmark: _Toc117771860]Figure 3.5: Scoring results. Number of sub2A RMSD ligand poses in top 10% scoring models.


The addition of PlaceWaters into the RosettaLigand protocol, however, did produce more sub-2Å ligand RMSD outputs in comparison to the other explicit water protocols in almost all cases. By breaking these results down by steps in the protocol, this improvement seems to come from the post-PlaceWaters steps, namely the high-resolution sampling and minimization steps. Although this isn’t the PlaceWaters mover enabling this improvement in itself, these findings suggest that the inclusion of explicit waters in the refinement step improves sampling accuracy. 
[bookmark: _Toc86838010][bookmark: _Toc112162203][bookmark: _Toc116293766][bookmark: _Toc117609201][bookmark: _Toc117609397][bookmark: _Toc119433546]Runtime of PlaceWaters mover. 
In adding to the full RosettaLigand docking protocol, it is important that any additional steps are not prohibitively time consuming. In comparison to other resource-intensive explicit water representation algorithms, the PlaceWaters mover took an average of 6 seconds to run across our dataset. This is faster than the high-resolution dock which takes an average of 9 seconds, but slower than the low resolution, side chain repacking, and final minimization, which each had runtimes less than 2 seconds. This runtime indicates that addition of the PlaceWaters mover to the overall docking protocol keeps the overall runtime of each trial short, making this method possible to include in more extensive docking simulations including virtual screening.  
[bookmark: _Toc112162204][bookmark: _Toc116293767][bookmark: _Toc117609202][bookmark: _Toc119433547]Case-study: Heat shock protein 90 in complex with known inhibitor
For a detailed walk-through of the algorithm, we present a case-study outlining the results from the co-crystal structure of heat shock protein 90 (Hsp90) in complex with a known inhibitor, 4-chloro-6-{[(2R)-2-(2-methylphenyl)pyrrolidin-1-yl]carbonyl}benzene-1,3-diol (PDB ID: 3K97, ligand ID: 4CD) [149]. As can be seen in Figure 3.1C, there are 2 co-crystallized bridging waters: HOH 237, which forms hydrogen bonds with the ligand para-hydroxyl, the L63 backbone carbonyl oxygen and the S67 sidechain hydroxyl group; and HOH 238, which forms hydrogen bonds with the ligand ortho-hydroxyl and ligand amide oxygen, D108 sidechain carboxyl group and the G112 backbone amide nitrogen. All numbering is based on the deposited PDB 3K97. 
	As can be seen in Figure 3.1A, the initial grid successfully identifies the regions where HOH 237 and 238 were co-crystallized, as well as a large region on the solvent-facing side of the ligand. Figure 3.1B shows the results from the clustering and merging step resulting in 6 waters being placed around the ligand, including waters placed at 1.2Å and 0.3Å of HOH 237 and 238, respectively. As shown in Figure 3.1C, the PlaceWaters mover kept the water molecule near the HOH 238, and successfully recaptured this hydrogen bond network. The water placed close to HOH 237; however, was removed during the final selection step due to being too far from either a ligand or protein hydrogen bond donor or acceptor atom. 
[bookmark: _Toc86838011][bookmark: _Toc112162205][bookmark: _Toc116293768][bookmark: _Toc117609203][bookmark: _Toc117609398][bookmark: _Toc119433548]Discussion
[bookmark: _Toc117609399][bookmark: _Toc86838012][bookmark: _Toc112162206][bookmark: _Toc116293769][bookmark: _Toc117609204][bookmark: _Toc119433549]The PlaceWaters mover successfully predicts explicit water molecule placement at native protein-ligand interfaces. 
The saturation test demonstrates the ability of PlaceWaters to successfully place water molecules within the protein-ligand pocket. This method is strictly statistics-based and is independent of time-consuming calculations to optimize water placement. This algorithm is also independent of a priori knowledge on the number of waters to add in the pocket, and cutoff values can be tuned to add more or fewer waters depending on different factors such as the ligand, pocket accessibility, etc. This is optimistic for future work into using explicit water representation within the Rosetta framework, and could be used in tandem with recent work done elsewhere in the community[121].
[bookmark: _Toc86838016][bookmark: _Toc112162207][bookmark: _Toc116293770][bookmark: _Toc117609205][bookmark: _Toc117609400][bookmark: _Toc119433550]Over-prediction of water molecules in interfaces. 
The function used to calculate water RMSD did not penalize false positives as it only considered waters that it was able to pair with the closest native crystallographic equivalent. As this same function was used as the objective function in parameter optimization, this resulted in the addition of a greater number of waters than were present in the native structure according to the interface water criteria. This is especially true for associations with larger binding pockets that result in a large number of candidate clusters and ligands with many hydrogen donors and acceptors. This setup was used intentionally in order to explore all possible locations for water molecules. However, this bias could be corrected by limiting the hydrogen contact cutoff values to accept a narrower set of candidates. The PlaceWaters mover allows for user-modified parameters as desired. We also felt that the over-prediction of water is better than under-prediction in that outputs can be manually, albeit tediously, curated post-simulation to filter out unlikely or undesired water placements based on specific residues or substituent groups of interest. 
[bookmark: _Toc86838018][bookmark: _Toc112162208][bookmark: _Toc116293771][bookmark: _Toc117609206][bookmark: _Toc117609401][bookmark: _Toc119433551]Further Parameter Optimizations. 
While the PlaceWaters algorithm correctly predicts the location of bridging waters in certain trials, the average number of waters added for each trial is consistently around three, regardless of the number of native crystallographic bridging waters, and can most likely be attributed to the cutoff values. As seen in the 3K97 case-study, the final selection step removed a bridging water molecule near HOH 237 due to being slightly too far from a hydrogen bond donor or acceptor atom. In this case, it would be better to tune these distance settings. Another potential way to improve this is to do a more fine-grained sampling of the water within a defined sphere to check for nearby hydrogen bond acceptor and donor atoms. This could avoid such sharp cutoffs and be less reliant on the coarse-grained merged coordinate represented. These values were optimized on the training set using the hyperopt hyperparameter software with an objective function that did not penalize false positives. It is likely that optimizing these cutoff values using an alternative objective function would result in different cutoff values. Exploring this in the future would result in both more accurate water prediction as well as more trials with the correct number of waters added. 
[bookmark: _Toc86838019][bookmark: _Toc112162209][bookmark: _Toc116293772][bookmark: _Toc117609207][bookmark: _Toc117609402][bookmark: _Toc119433552]Interface water networks and protein-protein interactions. 
In addition to directly bridging waters that form hydrogen bonds with the ligand and the protein, many protein-ligand interfaces contain a network of water-water hydrogens bonds that also contribute to the native docked structure of the ligand. The PlaceWaters algorithm could potentially be updated to predict these networks by expanding the criteria for placing a water at specific coordinates to include cases where other water candidate coordinates are within this water-water hydrogen bonding distance. Similarly, bridging waters contribute to protein-protein docking, and an algorithm to predict the location of bridging waters in these docks could lead to improved structure prediction in these cases, as well. Future modifications to the PlaceWaters mover could further generalize the algorithm to apply to these docks by modifying the initial grid placement to encompass the protein-protein interface rather than the ligand binding pocket.
[bookmark: _Toc86838017][bookmark: _Toc112162210][bookmark: _Toc116293773][bookmark: _Toc117609208][bookmark: _Toc117609403][bookmark: _Toc119433553]Conclusion
PlaceWaters achieves successful water placement (average water RMSD below 1.4 Å) in a large number of protein-ligand associations tested. The addition of PlaceWaters improved ligand docking sampling over other Rosetta-based methods that use explicit water representation. Finally, incorporation of the PlaceWaters mover to the full docking protocol extended the duration of each trial by an average of approximately 6 seconds, allowing it to be incorporated into the docking protocol without extending the total time of each trial to unviable lengths. The results of this benchmark serve as evidence that structure-based water prediction algorithms are able to predict the locations of bridging waters in ligand docking with relatively low runtimes and provides a basis for further exploration into incorporating bridging waters in future computational ligand docking efforts, particularly in cases with buried, medium-sized binding pockets.  
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[bookmark: _Toc116300593][bookmark: _Toc117609226][bookmark: _Toc117609413][bookmark: _Toc52444816][bookmark: _Toc119433556]Discovery and Optimization of a Novel Series of Competitive and Central Nervous System-Penetrant Protease-Activated Receptor 4 (PAR4) Inhibitors
This chapter is largely a reproduction of Bertron et al. “Discovery and Optimization of a Novel Series of Competitive and Central Nervous System-Penetrant Protease-Activated Receptor 4 (PAR4) Inhibitors”. I contributed to all of the modeling in this paper including building the human and mouse PAR4 homology models alongside former Meiler lab graduate student Dr. Darwin Fu, and structure-based rational design based on docking studies described in the publication. The compound synthesis and pharmacological testing described in this publication were performed by Dr. Jeanette L Bertron of Dr. Craig Lindsley’s lab and Dr. Matthew T Duvernay and Ms. Sidnee G Mitchell of Dr. Heidi Hamm’s lab, respectively. Although I am not a first author on this work, it is included here as a chapter to serve as context for Chapter 7. This work in conjunction with modeling of other PAR4 activated peptide versus PAR4 tethered ligand inhibitors, provided the groundwork for building a structure-based hypothesis for PAR4 activated peptide inhibition. 
[bookmark: _Toc112162162][bookmark: _Toc116465653][bookmark: _Toc119433557]Abstract
The detailed pharmacology and therapeutic potential of the central PAR4 receptors is poorly understood due to a lack of potent, selective and brain penetrant tool compounds. Despite this, robust data with biochemical and genetic tools shows therapeutic potential of PAR4 antagonists in traumatic brain injury (TBI), Alzheimer’s disease, Parkinson’s disease and other neurodegenerative disorders with a neuroinflammatory component. Thus, we performed a functional HTS campaign, identified a fundamentally new PAR4 competitive inhibitor chemotype, optimized this new series (increased potency >45-fold), discovered enantiospecific activity (though opposing preference for human versus mouse PAR4), and engendered high CNS penetration (rat Kps 0.52 to 4.2 and Kp,uus 0.52 to 1.2). 



[bookmark: _Toc112162163][bookmark: _Toc116465654][bookmark: _Toc119433558]Introduction
[bookmark: _Toc116465655][bookmark: _Toc119433559] PAR4 as therapeutic target
Protease activated receptors (PARs) are Family A G protein-coupled receptor (GPCR) that signal in response to serine protease cleavage of their N-terminal domains, to reveal an encrypted tethered ligand (TL) that interacts with, and activates, the receptor[1-6]. Protease Activated Receptor 4 (PAR4) is essential for the thrombin-induced procoagulant effect on platelets, and a recent non-competitive antagonist (BMS-986120, 1) demonstrated clinical efficacy for anti-platelet therapy to treat thrombosis without bleeding[7-9]. However, the therapeutic potential of inhibiting PAR4 in the CNS has only recently been recognized and appreciated. 
[bookmark: _Toc116465656][bookmark: _Toc119433560] Previously-identified PAR4 inhibitors
[bookmark: _Toc116465657]In the CNS, PAR4 is expressed on astrocytes, dendrites in the hippocampus, neurons and in glial cells; moreover, activation of PAR4 leads to a breakdown of the blood brain barrier (BBB), suggesting inhibition of PAR4 could be of benefit across a broad range and neurodegenerative and neuroinflammatory disorders, such as Alzheimer’s disease and Parkinson’s disease[10, 11]. To support this, PAR4 KO mice attenuated cerebral ischemia/reperfusion injury, demonstrated a greater than 80% reduction of infarct volume with improved motor and neurologic function as compared to wild-type mice. Moreover, BBB disruption was attenuated in PAR4 KO mice, relative to wild-type mice, as was the severity of cerebral edema[12]. This year, Qu and co-workers showed that 1 protected against traumatic brain injury (TBI) in mice by suppression of neuroinflammation in astrocytes[13]. These data, despite in our hands low brain penetration (Kps <0.1) for the BMS series of PAR4 ligands, clearly garner a need for highly CNS penetrant PAR4 inhibitors. Not unlike the BMS series, other reported PAR4 inhibitors from our lab and others, 1-8 (Figure 4.1) display low brain penetration (Kps <0.2) in rodents[14-20]. Therefore, we needed a new PAR4 chemotype and elected to initiate a high-throughput screening (HTS) campaign to identify fundamentally new chemical matter as starting points for the development of highly CNS-penetrant PAR4 inhibitors. 

[bookmark: _Ref117769541][bookmark: _Toc117771861]Figure 4.1: Structures of reported PAR4 competitive and non-competitive inhibitors 1-8. All of the known ligands show poor CNS penetration and/or in the case of 3-8, insufficient potency at -thrombin and unacceptable DMPK profiles.



[bookmark: _Toc119433561]Results and Discussion
[bookmark: _Toc112162164][bookmark: _Toc116465658][bookmark: _Toc119433562] Toward the Next Generation of PAR4 Antagonists. 
To identify fundamentally new PAR4 chemotypes, we performed a High Throughput Screen (HTS) of a 25,000-membered general screening deck employing a platelet flow cytometry assay and the PAR4 activating peptide mimic (PAR4-AP, AYPGKF) to determine potency and efficacy[19]. From this exercise, we discovered a weak, racemic ‘hit’, VU0543156 (9), with a PAR4-AP IC50 of 3.4 M, yet 9 was found to inhibit PAR4-AP induced aggregation by ~95% and show selectivity versus PAR1. While the latent quinone of 9 was a concern, overall the 2,5-dialkoxy-1-methyl-1H-pyrazol-5-yl)(2-arylmorpholino)methanone chemotype possessed many avenues for chemical optimization (Figure 4.2) and was distinct from previously reported PAR4 chemotypes 1-8.  
[bookmark: _Ref117606453][bookmark: _Toc117771862]Figure 4.2: Structures of 9 (VU0543156) and the initial optimization plan to improve potency, assess enantiopreference and engender CNS penetration. 



[bookmark: _Toc112162165][bookmark: _Toc116465659][bookmark: _Toc119433563]Chemistry and Initial Structure-Activity Relationships (SAR). 
The chemistry to access this new series of PAR4 antagonists was straightforward (Figure 4.3), and an early focus was to bulk up either of the methoxy ethers while screening the racemic variant of the 2-phenyl morpholine. Commercial 10 smoothly coupled with racemic 11 under HATU conditions to provide 12 in 80-88% yield. A Suzuki coupling between 12 and either regioisomeric phenol 13 or 14, delivers 15 and 16, respectively in good isolated yields. Finally, allylation of the regioisomeric phenols 15 and 16 could be accomplished through either SN2 chemistry with a suitably substituted bromide, or via a Mitsunobu or Ullman coupling with the alcohol to provide analogs 17 and 18, respectively. 

[bookmark: _Ref117606568][bookmark: _Toc117771863]Figure 4.3: Synthesis of regioisomeric ether analog 17 and 18.


Interestingly, substitution of the 2-position led to inactive congeners 18, whereas the 5-position was tolerant, and a simple benzyl derivative 17a afforded an ~10-fold increase in potency (PAR4-AP IC50 = 0.36 M). Thus, SAR exploration focused on this region, and Table 4.1 highlights the impact of substituted benzyl congeners, incorporating heterocycles and the first glimpse of enantioselective inhibition. Incorporation of a racemic -methyl moiety on the benzylic carbon as in 17b was detrimental to potency as were lipophilic substituents on the aromatic ring (e.g., 17f-h). A pyridine survey proved interesting, with the 2-pyridyl losing activity (17c, IC50 = 1.6 M), whereas the 3- and 4-congeners, 17d (IC50 = 0.35 M) and 17e (IC50 = 0.47 M), respectively, were equipotent to 17a, but offered opportunities to improve solubility. A racemic 2-cyano derivative (17i) showed improved potency (IC50 = 0.14 M), and thus warranted synthesis of the discrete enantiomers. While the (S)-enantiomer (S)-17i, lost ~3-fold (IC50 = 0.48 M), the (R)-enantiomer, (R)-17i was as potent as the racemate, and indicated enantioselective human PAR4 inhibition. The same enantiopreference was noted for a 2-OCF3 congener 17l, with the (R)-enantiomer, (R)-17l (IC50 = 0.39 M), ~3-fold more potent than (S)-17l (IC50 = 0.93 M). All analogs 17 were inactive on PAR1.
[bookmark: _Ref117769717][bookmark: _Toc117771835]Table 4.1: Structure and Activities of Analogs 17a


	Compound
	R
	PAR4-AP
PAC-1 IC50 (M)b
(pIC50±SEM)
	PAR4-AP
% Max PAC-1a
	PAR1
%Maxc

	17a
	

	0.36
(6.44±0.08)
	0.72
	99

	17b
	

	1.7
(5.76±0.13)
	6.8
	83

	17c
	

	1.6
(5.79±0.09)
	3.9
	99

	17d
	

	0.35
(6.45±0.10)
	0.75
	88

	17e
	

	0.47
(6.32±0.11)
	0.89
	98

	17f
	

	1.2
(5.92±0.16)
	4.7
	84

	17g
	

	1.2
(5.92±0.12)
	5.7
	84

	17h
	

	1.3
(5.88±0.14)
	8.7
	83

	17i
	

	0.14
(6.85±0.06)
	0.47
	92

	(S)-17i
	

	0.48
(6.31±0.12)
	5.9
	94

	(R)-17i
	

	0.14
(6.85±0.02)
	1.3
	95

	17j
	

	0.83
(6.08±0.13)
	3.4
	82

	17k
	

	0.17
(6.76±0.12)
	1.2
	77

	17l
	

	1.50
(5.82±0.09)
	5.9
	75

	(S)-17l
	

	0.93
(6.03±0.06)
	0.93
	80

	(R)-17l
	

	0.39
(6.40±0.03)
	0.39
	76


a Values indicate the percentage of max PAC-1 binding after PAR4-AP stimulation of human platelets; bAverage of three independent determinations; cValues indicate the percentage PAR1 activity in presence of 10 M compound.
Based on these SAR findings, we combined the favorable pyridyl moiety with various 2-substiuents (Table 4.2) in analogs 19. With a 2-cyano moiety, 19 was a potent human PAR4 inhibitor (IC50 = 0.09 M), and ~37-fold improvement over the HTS hit 9. Preparation of the discrete enantiomers of 19, once again showed a preference for the (R)-enantiomer, (R)-19a (IC50 = 0.09 M; (S)-19a (IC50 = 0.66 M). This trend is consistent whether the 2-substiuent is CN (19a), Me (19b) or Cl (19d). All analogs 19 were inactive on PAR1.




[bookmark: _Ref117606919][bookmark: _Toc117771836]Table 4.2: Structure and Activities of Analogs 19a


	Compound
	R
	PAR4-AP
PAC-1 IC50 (M)b
(pIC50±SEM)
	PAR4-AP
% Max PAC-1a
	PAR1
%Maxc

	19a
	CN
	0.09
(7.04±0.06)
	0.27
	79

	(S)-19a
	CN
	0.66
(6.18±0.11)
	3.3
	83

	(R)-19a
	CN
	0.09
(7.04±0.05)
	0.33
	95

	19b
	Me
	0.09
(7.04±0.10)
	0.74
	103

	(S)-19b
	Me
	0.44
(6.33±0.10)
	2.3
	95

	(R)-19b
	Me
	0.07
(7.15±0.03)
	0.37
	101

	19c
	F
	0.30
(5.92±0.12)
	9.8
	85

	19d
	Cl
	0.08
(7.09±0.14)
	11
	79

	(S)-19d
	Cl
	0.07
(6.85±0.06)
	0.68
	80

	(R)-19d
	Cl
	0.45
(6.31±0.12)
	2.6
	94


a Values indicate the percentage of max PAC-1 binding after PAR4-AP stimulation of human platelets; bAverage of three independent determinations; cValues indicate the percentage PAR1 activity in presence of 10 M compound.

Computational docking studies (R)-19b in our PAR4 homology model indicated that the methylpyridine moiety was situated near the surface of the receptor, extending into extracellular space (Figure 4.4). Homologation of the benzyl linkage in (R)-19b afforded equipotent analogs and overall ‘flat’ SAR, supporting the prediction that this region extends into the extracellular space. Thus, further optimization in this region of the compound stopped. The model also suggested a possible -stacking interaction between the phenyl substituent off the morpholine and tyrosine residue 93; thus, we would later explore this region to build further confidence in the homology model.

[bookmark: _Ref117606840][bookmark: _Toc117771864]Figure 4.4: Structure of (R)-19b (VU6019097) docked in our PAR4 homology model. 



Fully saturated alternatives (cyclohexyl, cylopentyl, pyranyl, furyl) for the benzyl/pyridyl moiety in 19a led to flat SAR, with all analogs displaying PAR4-AP IC50s in the ~1 M potency range. Similarly, all replacements for the OMe group, analogs 20, proved inactive, and the OMe, while a potential liability, proved to be an essential pharmacophore. As shown in Figure 4.5, attempts to replace the 3,5-disustituted pyrazole in (R)-19a were ineffective, leading to inactive congeners 20a-d. Here, regioisomeric pyrazoles lost >100-fold in PAR4 activity, as did a regiosiomerically related pyrrole, as did ring expansion to a pyridine analog. An attempt to cyclize the pyrazole moiety into the amide to provide a 5,6-fused heteroaryl ring system, a [1,2,4]-triazolo[4,3-b]pyridazine, led to the discovery of racemic 21 (VU6016706), and a ‘switch’ from a PAR4 antagonist to a PAR1-preferring antagonist (Figure 4.6). Upon preparation of the single enantiomers, we found that the (R)-21 was a weak inhibitor of both PAR1 and PAR4, while the (S)-21 was clearly PAR1-preferring (PAR1 PAC1 %Max @10 M = 6). Thus, further modifications to the central 3,5-pyrazole core were stopped in favor of exploring other regions of the lead scaffold.

[bookmark: _Ref117770139][bookmark: _Toc117771865]Figure 4.5: Inactive congeners of 19 with alternative moieties 20 for the OMe, and heterocyclic replacements for the core pyrazole 21. 

As a last region of the HTS hit to explore, our attention focused on the chiral phenyl moiety of the morpholine and explore the potential -stacking interaction between the phenyl substituent off the morpholine and tyrosine residue 93. Alternate moieties were prepared and screened initially in racemic form, and if interesting activity, they would be either resolved by chiral SFC, or synthesized enantioselectively (Table 4.3). Interestingly, replacement of the phenyl ring with a saturated cyclohexyl group 22a only lost ~3.5-fold (PAR4-AP IC50 = 0.32 M), relative to racemic 19b (PAR4-AP IC50 = 0.09 M). Truncation to a methyl substituent, as in 22b, did lose significant potency (PAR4-AP IC50 = 2.4 M). Replacement of the morpholine with either a 2-phenyl pyrrolidine (22c) or a 3-phenyl piperidine (22d) retained PAR4 activity, PAR4-AP IC50 = 0.16 M and PAR4-AP IC50 = 0.63 M, respectively; however, an isosteric piperazine congener (22e) lost activity (PAR4-AP IC50 = 2.4 M). A classical GPCR ‘privileged structure’[21], the 4-cyano-4- phenylpiperidine derivative 22f also retained PAR4 activity (PAR4-AP IC50 = 0.24 M), whereas linear amide congers 22g and 22h lost activity. Not shown, but heterocycles (2-, 3- and 4-pyridinyl analogs) to replace the phenyl moiety of 19 proved inactive as well. Overall, this region of the hit displayed some flexibility, but did not fully support the potential -stacking interaction between the phenyl substituent off the morpholine and tyrosine residue 93 noted in the homology model. Based on the predicted pose, this region was buried within a hydrophobic pocket and limited the potential for greater potency optimization. 
[bookmark: _Ref117770269][bookmark: _Toc117771866]Figure 4.6: Cyclized, constrained congeners 21, of 19, led to a PAR1-preferring inhibitor chemotype.


[bookmark: _Ref117607597][bookmark: _Toc117771837]Table 4.3: Structure and Activities of Analogs 22a



	Compound
	R
	PAR4-AP
PAC-1 IC50 (M)b
(pIC50±SEM)
	PAR4-AP
% Max PAC-1a
	PAR1
%Maxc

	22a
	 
	0.32
(6.49±0.03)
	0.66
	84

	22b
	 
	2.4
(5.61±0.13)
	5.1
	80

	22c
	[image: A picture containing shape
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	0.16
(6.79±0.04)
	-1.2
	92

	22d
	 
	0.63
(6.2±0.09)
	1.3
	81

	22e
	 
	2.1
(5.67±0.10)
	11
	90

	22f
			 
	0.24
(6.61±0.05)
	0.32
	92

	22g
	
	1.3
(5.88±0.13)
	4.2
	85

	22h
	 
	1.2
(5.92±0.11)
	2.84
	76


a Values indicate the percentage of max PAC-1 binding after PAR4-AP stimulation of human platelets; bAverage of three independent determinations; cValues indicate the percentage PAR1 activity in presence of 10 M compound.

[bookmark: _Toc112162166][bookmark: _Toc116465660][bookmark: _Toc119433564]Mode of PAR4 inhibition. 
With a sub-hundred nanomolar PAR4 antagonist in hand, we were able to evaluate the mode of action for PAR4 antagonist (R)-19a in a progressive fold-shift assay/Schild analysis (Figure 4.7)[22]. The Schild analysis results are consistent with a competitive binding mode of inhibition, denoted by the parallel leftward shift of the curve with increasing concentrations of PAR4-AP. This is in stark contrast to the non-competitive mode of inhibition of the BMS-series 1 and 2, but comparable to 3-8. As such, it was clear form our work, and that of others, that competitive inhibition would lead to weak activity at the native -thrombin, as opposed to the soluble PAR4 peptide mimic (AYPGKF; PAR4-AP). Thus, at 10 M, all of our most potent ligands afford only ~65-43% of the PAC-1% Max of -thrombin. Of these, 19 showed the greatest activity against -thrombin (-thrombin PAC1 43% Max @ 10 M, PAR4 IC50 = 6.4 M). However, once we achieve these ~10 M potencies, SAR can initiate employing -thrombin, which is currently underway. 

[bookmark: _Ref117607749][bookmark: _Toc117771867]Figure 4.7: Progressive fold-shift inhibition assay with (R)-19a, also showing a competitive mode of PAR4 inhibition.


[bookmark: _Toc112162167][bookmark: _Toc116465661][bookmark: _Toc119433565] Activity at mouse PAR4. 
At this stage, with our PAR4 antagonists achieving low nanomolar potency against PAR4-AP, and gaining traction against γ-thrombin inhibition, we assessed our library of inhibitors in mouse platelets (first in single point @ 10 M, and then in full CRC). Interestingly, the mouse PAR4 (mPAR4) receptor has an enantiopreference for the (S)-enantiomer, whereas with the hPAR4 receptor displayed clear enantiopreference for the (R)-enantiomer (Table 4.4). Analog 19 remains the most active chemotype within this series, with the S-enantiomer (S)-19a being our most potent compound in mPAR4 and (R)-enantiomer (R)-19a the most potent against hPAR4. This was a truly unanticipated and unprecedented finding amongst known PAR4 ligands. We believe the divergence in stereochemical activity between mouse and hPAR4 receptors could provide insight into the structural differences among the two active sites. After analyzing our human PAR4 homology model, we believe that the 2-phenylmorpholine in the (S)-conformation could possibly be clashing with HIS165, which causes it to lose its critical interaction 

[bookmark: _Ref117607810][bookmark: _Toc117771838]Table 4.4: Structure and Activities of Analogs 17 and 19 at mouse and human PAR4a


	Compound
	R
	Mouse PAR4-AP
PAC-1 IC50 (M)b
(pIC50±SEM)
	 Human PAR4-AP
PAC-1 IC50 (M)b
(pIC50±SEM)
	Human PAR4-AP
% Max PAC-1a

	17i
	

	0.37
(6.43±0.07)
	0.14
(6.85±0.06)
	0.47 

	(S)-17i
	

	0.35
(6.45±0.04)
	0.48
(6.31±0.12)
	 5.8

	(R)-17i
	

	2.1
(5.67±0.03)
	0.14
(6.85±0.02)
	 1.9

	19a
	

	0.42
(6.37±0.11)
	0.09
(6.85±0.06)
	0.27

	(S)-19a
	

	0.30
(6.52±0.14)
	0.66
(6.18±0.11)
	3.3

	(R)-19a
	

	2.1
(5.67±0.15)
	0.09
(7.04±0.05)
	0.33

	17l
	

	0.70
(6.15±0.08)
	1.50
(5.82±0.09)
	5.9

	(S)-17l
	

	0.45
(6.34±0.04)
	0.93
(6.03±0.06)
	0.93

	(R)-17l
	

	1.1
(5.95±0.03)
	0.39
(6.40±0.03)
	0.39

	19d
	

	1.0
(6.00±0.14)
	0.08
(7.09±0.14)
	11

	(S)-19d
	

	0.53
(6.27±0.06)
	0.07
(6.85±0.06)
	0.68

	(R)-19d
	

	1.0
(6.00±0.12)
	0.45
(6.31±0.12)
	2.6


a Values indicate the percentage of max PAC-1 binding after PAR4-AP stimulation of human or mouse platelets; bAverage of three independent determinations.

with TYR243, in addition to losing the -stacking interaction with the (R)-conformation (Figure 7). Based on our working hypothesis that Tyr243 is making a key hydrogen-bonding interaction with the nitrogen of the pyrazole, combined with mPAR4 and hPAR4 receptors having the opposite enantiopreference, we looked at in silico mutations in our hPAR4 homology model. With congener (R)-17l docked in our hPAR4 homology model (magenta), native hPAR4 Ala172 residue was replaced with native mPAR4 Glu172 (cyan) (Figure 4.8). Computational modeling studies suggest that the larger sidechain, glutamate, would likely sterically hinder the crucial hydrogen bonding interaction between Tyr243 and the central pyrazole, which could potentially explain the loss of activity in mouse platelets. To test this, mutation studies are under way to mutate mouse PAR4 Glu172 to alanine to observe whether affinity is rescued in the mouse platelet assays using R-analog, (R)-17l. 

[bookmark: _Ref117770477][bookmark: _Toc117771868]Figure 4.8: Congener (R)-17l docked in hPAR4 homology model A) highlighting the histidine residue situated directly above the 2-phenylmorpholine, B) Depicting in silico mutation, A172E and its potential clashing interaction with TYR243.


[bookmark: _Toc112162168][bookmark: _Toc116465662][bookmark: _Toc119433566] DMPK Profiles of Lead Mouse PAR4 antagonists. 
To rapidly assess the ability of our top four rodent PAR4 inhibitors to achieve meaningful brain exposure, compounds were evaluated in our standard rat IV plasma:brain level (PBL) cassette paradigm, as well as rat plasma protein binding and rat brain homogenate binding (Table 4.5). Excitingly, and unlike all previously reported PAR4 inhibitors 1-8, this series of PAR4 antagonists ((S)-17i, (S)-17l, (S)-19a and (S)-19d) were found to be highly CNS penetrant, with Kps of 0.52 to 4.2, and Kp,uus of 0.52 to 1.2. However, plasma protein binding and brain homogenate binding were high, and this parameter will need to be addressed in future analogs in the g-thrombin optimization campaign. Of these, (S)-17l showed the highest plasma concentrations (30.9 ng/mL) and a good Kp (0.52) and Kp,uu (0.52), and was selected for further PK profiling in mice.
[bookmark: _Ref117770530][bookmark: _Toc117771839]Table 4.5: Rat plasma protein and brain homogenate binding and Rat IV PBL cassette data.
	Rat in vitro PK and Rat IV Cassette PBL

	Compoud Number
	Rat PPB
	Rat BHB
	Plasma (ng/mL)
	Brain (ng/g)
	Kp
	Kpuu

	
	(fu)
	(fu)
	
	
	
	

	(S)-17l
	0.001
	0.001
	30.9
	16
	0.52
	0.52

	(S)-17i
	0.004
	0.002
	15.7
	37.8
	2.41
	1.2

	(S)-19a
	0.022
	0.005
	9.21
	20.4
	2.22
	0.5

	(S)-19d
	0.017
	0.004
	10.9
	46.1
	4.23
	1.0












[bookmark: _Ref117770543][bookmark: _Toc117771840]Table 4.6: Mouse in vitro and in vivo DMPK profiles.
	Mouse in vitro CLhep and IV Cassette PK

	Compound
Number
	Predicted CLHep
	CLp (mL/min/kg)
	t1/2 (h)
	Vss (L/kg)
	Cmax (ng/mL)

	(S)-17l
	79.7
	58
	0.70
	2.2
	153

	(S)-17i
	87.1
	111
	0.71
	5.3
	45

	(S)-19a
	87.6
	230
	0.29
	4.9
	43

	(S)-19d
	88.1
	268
	0.18
	3.8
	58


















As shown in Table 4.6, all four analogs displayed high predicted hepatic clearance (CLhep > 79 mL/min/kg) in mouse liver microsomes (at mouse hepatic clearance); however, (S)-17l showed moderate clearance in a mouse IV cassette study (CLp = 58 mL/min/kg), whereas the other analogs displayed super-hepatic in vivo clearance in mouse. Based on these data, we performed a mouse PK study dosing (S)-17l at 10 mg/kg I.P., to avoid first pass metabolism, and found favorable parameters (t1/2 = 8.6 hr, tmax = 0.5 h, Cmax = 225 ng/mL). When pretreated with 1-aminobenzotriazole (ABT) to inhibit the CYP450 machinery in the rat, [23] the 10 mg/kg Cmax could be improved another 3.75-fold (Cmax = 844 ng/mL). Thus, in the -thrombin optimization campaign, metabolite identification/soft spot analysis will be essential to develop PAR4 inhibitors with balanced properties to serve as first generation, CNS-penetrant in vivo tool compounds.
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[bookmark: _Toc119433568]Discovery of protease-activated receptor 4 (PAR4) tethered ligand antagonist using ultra-large virtual screening
This chapter is the currently working draft of this project at the time of this writing. We anticipate manuscript submission in the near future after testing a last compound series. Dr. Brian Bender and I generated the initial PAR4 model, ultra-large screening submission and initial filtering for experimental testing with Dr. Brian Shoichet. Additionally, I performed all the computational work during lead-optimization after identification of the initial hit compound under supervision of Dr. Jens Meiler. Assays were performed by Jackson Cassada, Sidnee G. Mitchell, Emma M. Webb, and Kevin Erreger from Dr. Heidi Hamm’s lab. All SAR-by-purchase was done through Enamine, and medicinal chemistry was done by Trevor Trombley, Lukas Von Bredow, and Jacob Kalbfleisch in Dr. Craig Lindsley’s lab. 
[bookmark: _Toc57805655][bookmark: _Toc57910606][bookmark: _Toc116300594][bookmark: _Toc117609227][bookmark: _Toc117609414][bookmark: _Toc119433569]Abstract
[bookmark: _Toc52444817]We demonstrate a computational structure-based screen for compound hit discovery against the clinically-relevant protease-activated receptor 4 (PAR4), a class A GPCR whose structure has not been determined experimentally. Using a variety of computational tools to obtain an initial protein structural model and virtual screening of ultra-large compound libraries, we successfully obtain a novel series of PAR4 inhibitors after a single experimental screen of 80 compounds. Subsequent lead optimization efforts via parallel SAR-by-purchase and structure-based rational design efforts led to potent antagonists against thrombin-induced activation. To the best of our knowledge, this is the first time this ultra-large screening method has been used successfully when starting from a homology model. Since class A GPCR structures are highly conserved, this method can be applied broadly towards other GPCR targets, opening up a pharmacological discovery pipeline to use across a range of disease targets. 
[bookmark: _Toc57805656][bookmark: _Toc57910607][bookmark: _Toc116300595][bookmark: _Toc117609228][bookmark: _Toc117609415][bookmark: _Toc119433570]Introduction
[bookmark: _Toc117609229][bookmark: _Toc119433571]PAR4 as a therapeutic target
Cardiovascular diseases continue to be among the most prominent life-threatening diseases, many of which are linked to thrombotic events. There exist a number of available medications to prevent thrombosis in cardiovascular diseases including anti-coagulation drugs (e.g., warfarin, heparin) and anti-platelet drugs (e.g., aspirin and PLAVIX®). Each of these pharmaceuticals impose the significant risk of excessive bleeding. The protease-activated receptors (PAR), comprised of PAR1-4, is a class A GPCR subfamily known to contribute to cell signaling events during platelet aggregation via thrombin activation [150, 151]. Human platelets express PAR1 and PAR4 and are responsible for most thrombin-induced platelet activation [53]. Recent drug discovery campaigns have focused on PAR1 antagonism resulting in the FDA-approved vorapaxar/Zonitivity®. In the TRACER Phase III clinical trial, vorapaxar did not significantly reduce cardiovascular events in patients, but did have increased bleeding side effects, severely limiting vorapaxar usage to patients without history of stroke or those undergoing medical operations [61]. 
Recent focus has shifted towards PAR4 (gene symbol f2rl3), which plays a crucial role in the prolonged regulation of thrombin-induced platelet aggregation [70], and PAR4 has recently become appreciated for its role as a potential therapeutic target across a range of indications[152-160]. PAR1 is responsible for platelet activation at initial, low thrombin concentrations; however, activation is sustained by PAR4-mediated activation as thrombin concentrations increase[70], providing a larger thrombin concentration window for signal inhibition antagonism. 
The benefit of PAR4 antagonism has further been shown in non-human primate models with a potent and PAR4-specific antagonist from Bristol-Myers Squibb, BMS-986120 (1), where PAR4 inhibition prevents platelet aggregation while not imposing the bleeding risks seen in PAR1 antagonists[64, 65]. In a cynomolgus monkey arterial thrombosis model, BMS-986120 demonstrated potent and highly efficacious antithrombotic activity[64]. BMS-986120 also exhibited a low bleeding liability and a markedly wider therapeutic window compared to the standard antiplatelet agent clopidogrel tested in the same nonhuman primate model.[64] This compound, despite exhibiting picomolar affinity for PAR4, is highly lipophilic resulting in relatively low free fraction in in vivo studies[63, 70]. 
[bookmark: _Toc117609230][bookmark: _Toc119433572]Targeting PAR4
PARs contain the highly-conserved seven transmembrane helical bundle, an extracellular N-terminus, and an intracellular C-terminus which binds to respective G-proteins to initiate downstream signaling. PAR activation is caused by thrombin-induced cleavage between residues Arg47/Gly48 on the exposed extracellular N-terminus, revealing a new N-terminus that we call the “tethered ligand (TL)”. The TL subsequently binds within the 7TM helical bundle to induce conformational change to the receptor, prompting G-protein binding and propagate downstream signaling (Figure 5.1).          
[bookmark: _Ref117632705][bookmark: _Toc117771869]Figure 5.1: PAR4 activation mechanism. 

[bookmark: OLE_LINK3]This unusual mechanism of action has posed significant challenges in small molecule antagonist development against PAR receptors[161]. There have been several groups to successfully inhibit free peptide PAR4 activation including an indazole scaffold[84], indole derivatives[89, 90, 162] and a CNS-penetrant series[91]; however, these compounds do not inhibit the physiologically-relevant TL. The initial hit (BMS-3, 2) from the Bristol-Myers Squibb campaign contains an imidazothiodiazole scaffold and is a selective and potent PAR4 TL inhibitor. Chimerization of the imidazothiodiazole and indole series demonstrated antagonism against the TL[163] (Figure 5.2A).  There currently exist no experimentally-determined structures of PAR4; however, extensive in silico modeling studies using homology models of PAR4 in combination with mutagenesis and known antagonists led us to propose a binding mode for BMS-3. Specifically using the minimum pharmacophore of 2 to be the imidazothiodiazole moiety[95] and systematic truncation of this molecule revealed a change in inhibition mode from non-competitive to competitive against the synthetic peptide[70].
 
[bookmark: _Ref117632953][bookmark: _Toc117771870]Figure 5.2: Previously identified PAR4 antagonists. A) Red boxes follow lead optimization of YD-3 through SEY-3 and ML-354 indole series, light blue designates imidazothiadiazole series from BMS starting with BMS-3 from the HTS and BMS-986120 in clinical trials, purple designates the chimerization series the indole and imidazothiadiazole series. B) Predicted binding mode of BMS-3 (green). Comparison to experimentally-determined binding modes: vorapaxar (PAR1, PDB ID: 3vw7, cyan), AZ3451 (PAR2, PDB ID: 5NDZ, yellow), and AZ8838 (PAR2, PDB ID: 5NDD, magenta).

Figure 5.2B shows the predicted BMS-3 in a pocket overlapping with vorapaxar in PAR1[73] while extending further down into the transmembrane bundle. Also shown for comparison are the structures of two antagonists against PAR2[75]. Independent findings based on hydrogen-deuterium exchange experiments demonstrate the mechanism of binding of the TL within the TM3/TM7 pocket, specifically noting the importance of T163 in the peptide binding event [80]. Our modeling studies of this compound series demonstrate that the minimum pharmacophore binds near the residues involved in TL binding proposed in Han et al., whereas the extended ring system of 1 binds deeper into the TM bundle outside of the TL binding pocket (Figure 5.2B). As the imidazothiodiazole scaffold is the most effective compound against TL activation, we aimed to structurally probe for new chemical space that can extend into this pocket. 
Using this hypothesis, we demonstrate a structure-based virtual ultra-large screen (ULS) using DOCK to identify a new series of PAR4 inhibitors. This method has shown previous success in identifying novel binders where the structure of a known active compound bound to the receptor has been experimentally determined, specifically AmpC β-lactamase, D4 dopamine receptor [164], and melatonin receptor MT1 [164, 165]. Using comparative modeling in Rosetta [98, 166] to obtain a structure for docking simulations and the lead-like subset from the ZINC database (https://zinc.docking.org/) [167-169], we screened 129 million compounds using the DOCK software to identify compounds far from known PAR4 inhibitor chemical space [9, 164, 170]. This is the first time to the author’s knowledge that this method has been applied successfully to a receptor where there are no experimentally determined structures.  
Post-screen analysis led us to a mere 80 compounds for purchase from Enamine (Monmouth Junction, New Jersey, USA)[164], resulting in a low-micromolar lead compound “A8” that successfully inhibits the TL. Results were replicated after independent re-synthesis to ensure this activity was not due to impurities or metabolites. We also screened for potential off-targeting against PAR1, convulxin and direct thrombin inhibition. Optimization of this lead compound through parallel efforts using “SAR-by-purchase” of the Enamine database and structure-based rational design approaches has led to the discovery of a new PAR4 antagonist series, with the most potent antagonist containing a 130 nM IC50 against the TL. 
Parallel testing in both human and mouse platelets allows for us to explore new tool compounds for in vivo mouse studies, as well as optimization for clinically-relevant human PAR4 inhibitors. Aside from testing for activity at mouse PAR4, this parallel testing in both human and mouse platelets with structural mapping of sequence variations was used as an additional structure-based approach for optimization. This pipeline is summarized in Figure 5.3.
[bookmark: _Ref117633265][bookmark: _Toc117771871]Figure 5.3: Overview of structure-based high-throughput screen and subsequent optimization. 2nd Generation: Enamine SAR-by-purchase derivatives of 212B10, 212D8, 212H3. 3rd Generation: combination of SAR-by-purchase and rational design strategies.

[bookmark: _Toc52444819][bookmark: _Toc57805663][bookmark: _Toc57910618][bookmark: _Toc116300596][bookmark: _Toc117609231][bookmark: _Toc117609416][bookmark: _Toc119433573][bookmark: _Toc57910619]Results 
[bookmark: _Toc116300597][bookmark: _Toc117609232][bookmark: _Toc119433574]Ultra Large Screen yielded low potency TL inhibitor
We screened the lead-like subset of the ZINC ultra-large virtual library, docking ~164 million lead-like compounds against our PAR4 model. We subsequently filtered based on the DOCK score, transmembrane depth, ligand internal conformational strain, interface interactions, and visual analysis. From the results of the virtual screen, we ordered 88 compounds from the Enamine make-on-demand library and 79 (90%) were synthesized successfully (Figure 5.4A). Each compound was screened at 10 µM for PAR4 inhibition in human platelets using flow cytometry for PAC1 (GPIIbIIIa activation) and P-selectin (CD62p) expression as previously described[70].  Activation of GPIIbIIIa allows interaction with divalent fibrinogen or multivalent von Willebrand factor, leading to platelet aggregation [171]. GPIIbIIIa-dependent aggregation is central to thrombosis, as evidenced by the effectiveness of GPIIbIIIa inhibitors [172, 173]. PAR4 stimulation also triggers α-granule secretion containing P-selectin[174]. GPIIbIIIa and P-selectin flow cytometry signals exhibit strong correlation as readouts of PAR4 activation and inhibition in platelets[70, 89] and therefore inhibitors of PAR4 are expected to similarly reduce PAC1 (GPIIbIIIa) and P-selectin (CD62p) detected by flow cytometry in platelets.

[bookmark: _Ref117633498][bookmark: _Toc117771872]Figure 5.4: ULS identification of initial hit compound, A8. A) Post-screen filtering steps; B) Predicted binding mode of A8 in PAR4 model; C) Dose response curves of purchase A8 and re-synthesized A8.

Platelets were activated for 30 min by γ-thrombin (100 nM) which cleaves PAR4 activating the tethered ligand (TL) or by a PAR4 agonist peptide (200 µM, “PAR4-AP” GYPGKF). This screen resulted in 1 validated hit (“A8”, ZINC000590833518) inhibiting the platelet activation by the protease γ-thrombin, but not inhibiting the PAR4 agonist peptide (Figure C.1A). One other compound (“C5”, ZINC000348291734) inhibited γ-thrombin with a greater inhibition on PAC1 than P-Selectin and also the PAR4-AP (PAC1 43 ± 1%, P-Selectin 80 ± 3%; n = 3). C5 failed the off-target screen by also inhibiting platelet activation by the GPVI receptor agonist convulxin (3 nM convulxin: PAC1 39 ± 6%, P-Selectin 68 ± 8%; n = 3) (Figure C.2A). There were no other compounds of the 79 in this screen which inhibited the PAR4-AP.
[bookmark: _Toc116300598][bookmark: OLE_LINK2]We confirmed the structure of the Enamine-purchased A8 sample using mass spectrometry and 1H NMR (Figure C.3). We independently resynthesized A8 at Vanderbilt and all subsequent experiments were performed with this local compound source. Enamine and resynthesized samples show consistent IC50 (Figure 5.4B) 10 µM A8 inhibited the PAR4 component of α-thrombin platelet activation (5 nM α-thrombin plus 1 µM vorapaxar: PAC1 2.2 ± 2.1% of control, P-Selectin 3.9 ± 3.9%; n = 3).  A8 did not inhibit platelet activation by the GPVI receptor agonist convulxin (3 nM convulxin: PAC1 97 ± 4%, P-Selectin 105 ± 2%).  A8 did not inhibit PAR4 activation by the PAR4 agonist peptide (200 µM GYPGKF:  PAC1 109 ± 18%, P-Selectin 114 ± 13%; n = 3). In order to confirm that A8 was not interfering with the activity of thrombin we performed an in vitro test of thrombin activity using a fluorometric assay (Abcam ab197007). Compared to the vehicle control, the addition of 10 µM A8 resulted in a thrombin activity of 102 ± 3% (n=6) (Figure C.2B-C).
[bookmark: _Toc116300599]The dose response for PAR4 inhibition in human platelets was performed with the same platelet flow cytometry assay as the screen for A8 (Figure 5.4B). Despite low potency, not unusual for initial lead-like hit compounds, this hit suggests that the virtual screening approach here based on homology modeling can identify new chemotypes for PAR4 inhibition. A8 (MW: 344 g/mol) is smaller than the current most potent PAR4 inhibitor from BMS (MW: 513 g/mol). The proposed binding mode of this compound in the homology model shows penetration deep in the transmembrane helical bundle pocket similar to the proposed BMS compound and the TL (Figure 5.4C). These findings suggest that the structural determinants of inhibiting the TL for PAR4 can be distinct from inhibiting activation by the agonist peptide. This is also notable as our previous efforts using conventional chemical library screening for PAR4 antagonists were relatively successful against the agonist peptide while the TL was more challenging to inhibit. 
[bookmark: _Toc116300600][bookmark: _Toc117609233][bookmark: _Toc119433575][bookmark: _Toc52444820][bookmark: _Toc57805664][bookmark: _Toc57910620]A8 optimization and structure-activity-relationship (SAR) development
Based on the initial hit from screening, we opted to initially re-screen the Enamine database for analogs to A8 to find higher affinity compounds and begin SAR studies (Figure 5.5). We selected compounds for this “Analog set 1” based on A8 Tanimoto similarity > 0.75 from the make-on-demand Enamine library. Due to the narrow initial hit information, we wanted to cast the chemical net as wide as possible while still maintaining some structural consistencies to A8. We clustered Enamine analogs with respect to each other to obtain the maximally diverse subset for A8 analogs, aligned these cluster representative compounds to the proposed A8 binding mode, and analyzed interface contacts to select the final 80 compounds for testing. Analog set 1 resulted in 5 compounds with < 30% max response against the TL (Figure C.4), while only three compounds 212B10, 212D8 and 212H3, were shown to have improved IC50 in comparison to A8. (Figure C.5 and Table C.1 and Table C.2). 
[bookmark: _Ref117634492][bookmark: _Toc117771873]Figure 5.5: Overview of lead-optimization and hit rates at each stage. * <50% max response tested at 10µM; ** and *** indicate number of compounds <10% max response tested at 10µM and 1 µM, respectively.

A8, 212B10, 212D8 and 212H3 all contain a benzene off the diazole N (-R1 group) and all contains a different -R2 off the adjacent diazole carbon. Additionally, all of these contain an identical chemical motif at the core of the molecule with the exception of a fused 5-membered ring in 212H3. This prompted us to search the Enamine database for all compounds containing this same core (see APPENDIX C). 
[bookmark: _Toc116300601]We selected 100 compounds for testing (80 synthesized successfully), which we will term “Analog set 2”. Expectedly, this more specific search yielded a higher, but not great, hit rate with 11/80 tested with similar or greater potency than A8 (Figure C.6). We also explored derivatives around the Analogs set 1 hits around the common scaffold of 212B10 and 212D8, and separately around the fused ring moiety of 212H3 by searching through the Enamine database for similar compounds. Again, since our hit knowledge is still narrow, we opted for a straight-forward analog search approach similar to A8 before heavily optimizing within our structural model. 
For 212B10 derivatives, compounds that showed comparable or improved activity had a -R1 substitution of a methyl group in place of the benzene and small hydrocarbon (isopropyl, ethyl or cyclopropyl) substation on -R2 showed overall improved activity over 212B10 with the exception of 2110D4. Compounds with an introduced aromatic ring on -R3 also showed improved potency (Table C.1). 212H3 derivatives showed no activity upon introduction of a difluoro-methoxy groups on -R2. Halogen introduction at multiple sites around the -R1 benzene did not show obvious trends in activity (Table C.2). Introduction of different ring sizes of the fused ring system resulted in a cyclohexane series being the most potent series to date. Subsequent derivatization of -R1 and -R2 groups showed no obvious trends in halogen placement around the -R1 benzene or -R2 substitutions with different ring systems ranging from cyclopropane to para-cyanobenzene (Table C.3). All changes to the to the amide core thus far have resulted in loss of activity (data not shown). 
Structural analysis of our current most potent compound, 6G3R, provides a leading hypothesis for further derivatization to improve potency (Figure 5.6A). The current model shows the carbonyl oxygen from the amide core of the molecule forming hydrogen bonds with hydroxyl groups of Tyr90 and His162, while Tyr255 forms hydrogen bonds with the triazole nitrogen adjacent to the amide, the fused cyclohexane group occupies a hydrophobic pocket near and Trp174 and Phe178, and the benzene from off the diazole nitrogen extends down into the TM domain. The 1,3-diflourobenzene off the triazole is pointed into the extracellular region and could be interacting with water, a possible explanation for the flat SAR in this region. 
Overlaying 6G3R and BMS-3 predicted binding modes shows that both molecules occupy the same pocket and interact with a nearly identical set of residues (Figure 5.6B and Figure C.10). Closer inspection of  Figure C.11 shows the triazole moiety overlaying with the imidazothiadiazole of BMS-3, whereas on the other side of the molecule, the phenyl off the diazole is overlaid onto the thiazole of BMS-3. Whereas His162 and Tyr255 interact with the core amide oxygen, these same residues are predicted to interact with the imidazothiadiazole. 
Despite good activity of 6G3R, metabolic studies show rapid amide hydrolysis of the central amide core when exposed to liver enzyme cocktail. This prompted us to screen through Enamine GPCR Library (~53K molecules) and the Vanderbilt Discovery Collection (~100K) for compounds that maintain similar features to 6G3R except the central amide core (Figure C.12). We used the BioChemical Library (BCL) Largest Common Disconnected Substructure Tanimoto Similarity metric[36] and cutoff value of 0.75, which returned 469 (0.08%) and 1035 (1.03%) molecules from each library, respectively. We then performed a flexible alignment of these molecules to the predicted binding pose of 6G3R; these outputs were then used as a starting point for high-resolution docking to rank compounds. Using cluster analysis and visual inspection, we selected 100 compounds to test experimentally. Additional synthesis efforts using bioisosteres are ongoing[175].
[bookmark: _Ref117714310][bookmark: _Toc117771874]Figure 5.6: Predicted binding mode of 6G3R. A) 6G3R docking prediction in PAR4 homology model. B) 6G3R  (magenta) overlaid onto predicted model of BMS-3 (green). 




[bookmark: _Toc117609234][bookmark: _Toc119433576]Mouse platelet PAR4 inhibition
Optimization efforts also focused on developing a mouse PAR4 inhibitor as a potential tool compound to further probe PAR4 as a target in other disease models. One challenge in developing PAR4 inhibitors that can be used as an inhibitor tool in rodent models is that existing PAR4 inhibitors, including the class of BMS compounds, are significantly more potent at the human PAR4 receptor than the mouse PAR4 receptor[64]. We therefore compared the IC50 between human and mouse platelet γ-thrombin. Each of these compounds exhibited activity against mouse PAR4 in platelets with only a modest difference from human indicating that it may be possible to develop better mouse PAR4 inhibitors building from these compounds (Figure 5.7A). 
There are only two mutations in mouse PAR4 compared to human PAR4, Q214H and A236E, within the 5Å of the predicted binding pocket (Figure 5.7B); however, it should be mentioned that both residues anchor each side of the ECL2 and not within the TM bundle, and are not predicted to be directly interacting with our compounds (Figure C.13). For this reason, we continued to use the human PAR4 model for rational-based design instead of both the human and mouse structures. 
[bookmark: _Toc116300602][bookmark: _Toc117609235][bookmark: _Toc119433577]Testing for PAR4 selectivity over PAR1
[bookmark: _Toc116300604]We tested compounds for selectivity for PAR4 against PAR1, which is also activated by thrombin cleavage on the platelet surface. By using previously-identified selective compounds of PAR1 and PAR4, vorapaxar and BMS-986120, respectively, we isolated the activity attributed to each receptor for our most potent compounds (Figure 5.7C). All compounds tested here had PAR4 max response <5% of the DMSO control against PAR4 except 6G41, which showed ~50% max response. Compounds 6G3Q, 6G3P, 6G4G, 5LDF, 6MKJ showed strong selectivity for PAR4 with <5% PAR4 max response and >75% max response of DMSO control against PAR1. Compounds 6G3T, 6G3R, 52NW and 6MKN showed <5% max response against PAR4, but also showed >50% max response against PAR1 demonstrating less receptor selectivity. In contrast to the similar PAR4 binding pockets between mouse versus human, human PAR1 and PAR4 have some sequence changes within the predicted binding pocket, which could explain the selectivity changes in our series (Figure 5.7D). With 10 mutations between PAR1 and PAR4 within 5Å of the predicted 6G3R binding site, it has been proven difficult to provide specific rationale for these selectivity differences. This will likely require mutagenesis of individual residues indicated by this mutational analysis here.  
[bookmark: _Ref117635200][bookmark: _Toc117771875]Figure 5.7: Activity comparison and between human/mouse PAR4 and hPAR4/hPAR1. A) IC50 comparison between human versus mouse PAR4; C) % Max Response between hPAR4/hPAR1. The right shows mutations between human PAR4 and B) mouse PAR4 and D) human PAR1. Residues within 5Å of predicted 6G3R binding mode shown in pink, mutated residues in brown, and mutated residues in the binding site in yellow. 
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This work details the efforts to obtain new compound series against the physiologically-relevant thrombin-activated PAR4 platelet activation. PAR4 poses unique challenges, and prior drug discovery efforts have had limited success in obtaining small molecules that effectively inhibit gamma-thrombin induced signaling due to the unusual mechanism of the TL. Drug discovery against PAR4 also has the additional challenge of using homology models due to the lack of an experimentally-determined structure. Despite these challenges, this structure-based virtual screen successfully obtains an initial hit, A8, from our first small batch of compounds ordered. Although this pipeline successfully produced novel chemistry for probing the PAR4 TL, it is important to discuss the low hit-rates observed throughout this process both during the initial hit identification and in lead optimization phases. 
	Virtual screening of large chemical libraries against a target structure has well-documented shortcomings [1, 99]. The ability to quantify protein-ligand binding interactions of such large libraries requires a delicate compromise between accuracy and efficiency. For early stage hit identification during screening, this balance prioritizes cheap, crude estimations. The immense diversity of chemical matter requires overcoming technical challenges with respect to compound representation and proper curation. Molecular properties that typically require higher levels of theory or even quantum-level calculations for accurate depiction are unfeasible at such large scales. For example, atomic partial charges that are crucial for calculating charge-charge interactions, are roughly assigned based on atom-type instead of slower, more accurate calculations such as AM1-BCC [127]. 
It is difficult to understate the advantage of having an experimentally-determined structure with one or more known binders in the binding pocket of interest. Previous successfully DOCK campaigns relied on atomic resolution detail for optimizing the receptor prior to screening, as well as understanding the types of interactions desired from new chemical matter during post-screen filtering. These obstacles provide a much fuzzier picture of the types of compounds we wanted to test and contributed to significantly lower hit-rates compared to other published use-cases. Current improvements in protein structure prediction algorithms, namely the AlphaFold[43, 176], RoseTTAFold[22] and trRosetta[20], are groundbreaking achievements and will change structure-based drug discovery for less understood protein targets; however, these do not yield currently yield new structural information for Class A GPCRs due to the high structural conservation of this large subfamily. 
Initial purchase of 80 compounds from ultra-large screen yielded a single validated hit, A8. Given the challenges outlined above and the difficulty of past PAR4 TL inhibitor discovery, this 1.25% hit-rate was nevertheless exciting for our team. There is a need to further improve the methods presented here to increase hit-rates, and we outline several ideas here: The proposed inclusion of multiple structure screening tiers, where one steadily decreases the number of compounds at each stage while increasing the algorithm complexity. This could include allowing protein sidechain and ligand flexibility to be taken into account. Another potential avenue is to sample chemical space during the docking simulation in a ligand building fashion given Enamine’s reaction-based compound datasets. Initial optimization efforts using Enamine analogs searches were meant to simply obtain more data to begin proposing SARs for our new compound series. 
The introduction of rational structure-based design has so far achieved higher hit rates and more potent compounds. We have proposed here a model for binding of our current series using in silico docking studies. The results suggest that the central amide core of our compounds and the imidazothiadiazole in BMS series both have critical interactions with His162 and Tyr255; mutagenesis studies starting with these residues would provide further insight. Another potential avenue is to investigate chimeras of our compounds and the BMS series. Despite improvements in activity, our current focus is to find active substitutes for the critical central amide core due to its metabolic liability in initial DMPK assays. 
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PAR4 inhibition has been shown to be a viable strategy for anti-platelet therapeutics; however, the unique mechanism of action with the TL continues to pose challenges for drug discovery campaigns. In this work, we used a structure-based virtual screening pipeline to select compounds for testing, which yielded an initial, low-potency hit compound. Using a combination of SAR-by-purchase and rational-based design strategies, we obtained a novel series of PAR4 inhibitors that successfully inhibit the TL with maximum potency 130 nM IC50. In parallel with optimization in human platelets, we also tested this compound series on mouse platelets to potentially develop tool compounds for in vivo characterization. These series also showed good pharmacokinetic properties, demonstrating the potential effectiveness of these compounds in downstream studies. 
	In addition to achieving a series of potentially clinically-relevant compounds, this work also demonstrates the technical achievement of screening ultra-large compound libraries in silico using homology models of GPCRs to successfully produce a viable hit compounds after testing only 80 compounds. As with everything, there is room for improvement in these computational methods to achieve higher hit-rates. 
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	The work described here looked to use structure-based computational drug discovery tools towards PAR4 antagonist discovery. PAR4 poses challenges for hit discovery and lead-optimization based on its unique activation mechanism involving a tethered ligand (TL) agonist and has hindered therapeutic discovery against this target. Numerous groups have successfully inhibited PAR4-activated peptide (PAR4-AP), a synthetic peptide mimicking the TL. The lack of diverse ligand types against TL activation eliminated the ability to use LB-CADD methods. The project described here demonstrated the ability of using SB-CADD for early-stage PAR4 drug discovery, despite having no experimentally-determined structure of the target.
	My initial PAR4 work looked at optimizing a series of CNS-penetrant PAR4 inhibitors using structure-based methods to design molecules with medicinal chemists. The first step of this project was to develop a PAR4 homology model using multiple GPCR templates in RosettaGPCR, namely PAR1 (3vw7), PAR2 (5ndd), CCR9 (5lwe), APJ (5vbl), and C5a (6c1r). These homology models were used as docking models for the CNS series. These models along with mutational differences with PAR1/4 and human/mouse PAR4 allowed us to develop structural hypotheses for the SAR of this series. 
These homology models of PAR4 were also used for initial studies of previously published PAR4 inhibitors including the indazole, indole and imidazothiadiazole series introduced in 1.6.1. Combining homology models, mutagenesis studies and modes of inhibition of these compounds allowed us to develop a structural hypothesis for understanding how to probe for compounds that can antagonize the tethered ligand mechanism. Specifically investigating the successive truncation of BMS-3 to the minimum imidazothiadiazole pharmacophore and resulting change in inhibition mode from non-competitive to competitive against the synthetic peptide, we hypothesized that a successful TL inhibitor must bind deeper into the TM domain that the orthosteric site. We carried this hypothesis into our structure-based ultra large screen (ULS). 
The introduction of make-on-demand compound libraries including Enamine’s REAL® broadens vHTS campaigns to screen through billions of molecules that can then be synthesized with ~80% success rates. At the time of our ULS to find new PAR4 antagonists, we virtually screened through 164 million lead-like compounds using DOCK. We then chose 100 molecules to order and test experimentally after filtering using DOCK score, removing similar compounds to known PAR4 binders, transmembrane depth to extract compounds that bind deeper in the TM domain, torsional strain of docked compounds, chemical-based clustering, and visual inspection of predicted binding poses. Post-screen analysis led us to a mere 80 compounds for purchase from Enamine, resulting in a low-micromolar lead compound “A8” that successfully inhibits the TL. Results were replicated after independent re-synthesis to ensure this was not due to impurities or metabolites. We also screened for potential off-targeting against PAR1, convulxin and direct thrombin inhibition. Optimization of this lead compound through parallel efforts using “SAR-by-purchase” of the Enamine database and structure-based rational design approaches has led to the discovery of a new PAR4 antagonist series, with the most potent antagonist containing a 130 nM IC50 against the TL.
Although this series is active against tethered ligand activation, it is important to note that A8 is inactive at inhibiting the synthetic peptide PAR4-AP activation in our assays. Here, I present several possible reasons for this and future directions for further investigation. 
In terms of structural differences, hydrogen-deuterium exchange and mutagenesis studies have shown that the binding mechanisms of the TL and PAR4-AP induce distinct PAR4 conformations. Theoretically, if these agonists bind the same way with local concentration as the only difference, compounds will correlate in their activity between both agonists; this is not the case. It is possible that the PAR4-AP binds in a way that induces a conformation inaccessible to our compound series, and can be investigated by an experiment that reverses the order of addition (i.e. adding our compound followed by PAR4-AP). If PAR4-AP rescues activation after our compound is added, this would support this hypothesis. 
It is also possible that this is an allosteric mechanism and our compounds do not bind in the predicted binding site. We have controlled for thrombin binding, but our compounds may bind directly to the TL. Mutagenesis of predicted binding site residues can provide indirect evidence regarding the binding site; however, is not conclusive as mutations can cause other differences from misfolding or induced conformational changes. Ideally (though resource-intensive), structural studies in the presence of one of these compounds provide direct evidence regarding the binding site. 
Inactivity against the PAR4-AP could also be due to signaling differences. Structure-activity-relationships of a panel of synthetic peptide agonists derived from PAR4-AP demonstrate that relatively small mutations can induce dramatic signaling differences. It is plausible that our compounds may induce changes that switch PAR4-AP signaling to another pathway other than the GPIIbIIIa activation observed in our assay. A closer look at signaling using secondary assays, e.g. calcium flux for Gq signaling and arresting recruiting assays, may provide insight on this. 
I want to conclude by discussing future directions of SB-CADD technologies to improve early-stage drug discovery, applying these to PAR4 for context. In a talk given by Dr. Peter Goodford in 1989 entitled “3D Molecular Structure and Drug Action”, and later revisited by Dr. John H. Van Drie at the 2007 American Chemical Society meeting[181], the future of SB-CADD relies on our ability to do each of the following (among others): deal properly with water, predict solubility, improve homology modeling, and remember that conformation depends on structure and environment. This section will summarize each of these points, provide the status of the SB-CADD field at the time of this writing, and introduce what I think are some future directions for the field. 
We must deal properly with water. Despite being the solvent involved throughout all known biology, water molecules remain difficult to simulate and predict with respect to their orientation around a protein or small molecule and their energetic contributions. For SB-CADD, water molecules play a large role in many binding events of small molecules, both to maintain binding site integrity and for providing a hydrogen bonding network between the protein and ligand. Algorithms, including the PlaceWaters algorithm described in Chapter 3, have improved predictions of water molecule location; however, the energetics involved in desolvation and reorganization of water networks upon ligand binding remain a challenge for calculations. 
The PAR4 orthosteric binding site is located near the extracellular leaflet in a semi-solvent exposed pocket. Explicit waters are not represented in any docking calculations during the virtual screening and lead-optimization due to computational costs and our inability to score these accurately. It is possible that there is a critical water network involved in the binding of agonist and our small molecule antagonists that we simply cannot observe. Calculations that neglect water also tend to over-interpret the strength of a hydrogen bond because desolvation is not considered. 
We must be able to predict solubility. Predicting solubility and other DMPK (drug metabolism/pharmacokinetics) properties such as metabolic liability, toxicology, plasma binding, etc., can help researchers filter out molecules earlier in the pipeline before failing in later stages. It becomes increasingly important to do this computationally with growing make-on-demand libraries, as we want to filter out as many of these unfavorable molecules as early as possible prior to synthesis. 
Solubility of molecules has hindered success of previously identified PAR4 antagonists and has been a major focus of medicinal chemistry efforts, as described in Chapter 1. The two potent PAR4 antagonists in clinical trials suffer from high levels of plasma binding. Additionally, our current compound series has the central amide causing metabolic liabilities. Researchers are developing algorithms to predict these problems a priori or improve alternative chemotypes to replace problematic regions of a molecule. 
We must improve homology modeling and we must remember that conformation depends on structure and environment. In comparison to the other points listed here, these have seen by far the most progress. Homology modeling has improved dramatically in recent years with the explosion of machine learning algorithms including AlphaFold and Rosetta to harness existing structural and sequence data for protein structure prediction. These tools provide an excellent starting point for SB-CADD and are especially useful for less well-studied proteins. 
Current methods do not sample the full protein conformational landscape and are susceptible to conformational biases based on available experimental structures, e.g. the inactive states of determined PAR structures and other Class A GPCRs. There are many groups manipulating the AlphaFold and Rosetta algorithms to obtain diverse conformations to mimic the dynamic nature of proteins. This is being extended to systematically bias the algorithm by using inputs specific to a particular state. For example, current work in our group is using GPCRdb annotations of “active”, “inactive”, “intermediate” to select templates to use in AlphaFold to push predictions towards that particular state. This push to model dynamics and specific conformational states is especially important for SB-CADD where the conformational state is critical. 
As algorithms develop and computational power continues to grow, these methods will improve our ability to identify compounds in early-stage drug discovery, thereby accelerating the therapeutic pipeline for novel medicines to treat human disease. 
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	Cluster
	PDB
	log(Ka)
	Protein Name
	Subset
H
	Subset
S
	Subset
V
	a

	[bookmark: RANGE!A2:H286]1
	2XB8
	7.59
	3-Dehydroquinate_dehydratase
	H1
	S3
	V2
	69

	1
	3N76
	6.85
	3-Dehydroquinate_dehydratase
	H1
	S3
	V2
	61

	1
	3N7A
	3.7
	3-Dehydroquinate_dehydratase
	H1
	S3
	V2
	51

	1
	3N86
	5.64
	3-Dehydroquinate_dehydratase
	H1
	S3
	V2
	56

	1
	4CIW
	4.82
	3-Dehydroquinate_dehydratase
	H1
	S3
	V2
	44

	2
	1NC1
	6.12
	5'-Methylthioadenosine/s-adenosylhomocysteine_nucleosidase
	H2
	S3
	V3
	74

	2
	1NC3
	5
	5'-Methylthioadenosine/s-adenosylhomocysteine_nucleosidase
	H2
	S3
	V3
	55

	2
	1Y6R
	10.11
	5'-Methylthioadenosine/s-adenosylhomocysteine_nucleosidase
	H2
	S3
	V3
	56

	2
	4F2W
	11.3
	5'-Methylthioadenosine/s-adenosylhomocysteine_nucleosidase
	H2
	S3
	V3
	75

	2
	4F3C
	11.82
	5'-Methylthioadenosine/s-adenosylhomocysteine_nucleosidase
	H2
	S3
	V3
	94

	3
	3U8K
	8.66
	Acetylcholine-binding_protein
	H3
	S3
	V3
	72

	3
	3U8N
	10.17
	Acetylcholine-binding_protein
	H3
	S3
	V3
	61

	3
	3ZDG
	7.1
	Acetylcholine-binding_protein
	H3
	S3
	V3
	55

	3
	4QAC
	9.4
	Acetylcholine-binding_protein
	H3
	S3
	V3
	93

	3
	3WTJ
	6.53
	Acetylcholine-binding_protein
	H3
	S3
	V3
	60

	4
	1E66
	9.89
	Acetylcholinesterase
	H3
	S2
	V3
	70

	4
	1GPK
	5.37
	Acetylcholinesterase
	H3
	S2
	V3
	64

	4
	1GPN
	6.48
	Acetylcholinesterase
	H3
	S2
	V3
	56

	4
	1H22
	9.1
	Acetylcholinesterase
	H3
	S2
	V3
	72

	4
	1H23
	8.35
	Acetylcholinesterase
	H3
	S2
	V3
	69

	5
	2WVT
	6.12
	Alpha-L-fucosidase
	H2
	S1
	V1
	50

	5
	2XII
	7.2
	Alpha-L-fucosidase
	H2
	S1
	V1
	87

	5
	4J28
	5.7
	Alpha-L-fucosidase
	H2
	S1
	V1
	70

	5
	4JFS
	5.27
	Alpha-L-fucosidase
	H2
	S1
	V1
	51

	5
	4PCS
	7.85
	Alpha-L-fucosidase
	H2
	S1
	V1
	70

	6
	1PS3
	2.28
	Alpha-mannosidase_2
	H1
	S1
	V1
	53

	6
	3D4Z
	4.89
	Alpha-mannosidase_2
	H1
	S1
	V1
	68

	6
	3DX1
	3.58
	Alpha-mannosidase_2
	H1
	S1
	V1
	74

	6
	3DX2
	6.82
	Alpha-mannosidase_2
	H1
	S1
	V1
	57

	6
	3EJR
	8.57
	Alpha-mannosidase_2
	H1
	S1
	V1
	70

	7
	1Z95
	7.12
	Androgen_receptor
	H3
	S3
	V3
	66

	7
	3B5R
	8.77
	Androgen_receptor
	H3
	S3
	V3
	64

	7
	3B65
	9.27
	Androgen_receptor
	H3
	S3
	V3
	41

	7
	3B68
	8.4
	Androgen_receptor
	H3
	S3
	V3
	60

	7
	3G0W
	9.52
	Androgen_receptor
	H3
	S3
	V3
	67

	8
	3QQS
	5.82
	Anthranilate_phosphoribosyltransferase
	H1
	S2
	V1
	63

	8
	3R88
	4.82
	Anthranilate_phosphoribosyltransferase
	H1
	S2
	V1
	89

	8
	3TWP
	3.92
	Anthranilate_phosphoribosyltransferase
	H1
	S2
	V1
	73

	8
	4GKM
	5.17
	Anthranilate_phosphoribosyltransferase
	H1
	S2
	V1
	74

	8
	4OWM
	2.96
	Anthranilate_phosphoribosyltransferase
	H1
	S2
	V1
	86

	9
	2FXS
	6.06
	Atp-dependent_molecular_chaperone_hsp82
	H1
	S2
	V2
	66

	9
	2IWX
	6.68
	Atp-dependent_molecular_chaperone_hsp82
	H1
	S2
	V2
	78

	9
	2VW5
	8.52
	Atp-dependent_molecular_chaperone_hsp82
	H1
	S2
	V2
	60

	9
	2WER
	7.05
	Atp-dependent_molecular_chaperone_hsp82
	H1
	S2
	V2
	84

	9
	2YGE
	5.06
	Atp-dependent_molecular_chaperone_hsp82
	H1
	S2
	V2
	61

	10
	2CBV
	5.48
	Beta-glucosidase_a
	H2
	S2
	V1
	66

	10
	2CET
	8.02
	Beta-glucosidase_a
	H2
	S2
	V1
	83

	10
	2J78
	6.42
	Beta-glucosidase_a
	H2
	S2
	V1
	54

	10
	2J7H
	7.19
	Beta-glucosidase_a
	H2
	S2
	V1
	51

	10
	2WBG
	4.45
	Beta-glucosidase_a
	H2
	S2
	V1
	76

	11
	2R9W
	5.1
	Beta-lactamase
	H2
	S1
	V1
	80

	11
	3GR2
	2.52
	Beta-lactamase
	H2
	S1
	V1
	80

	11
	3GV9
	2.12
	Beta-lactamase
	H2
	S1
	V1
	99

	11
	4JXS
	4.74
	Beta-lactamase
	H2
	S1
	V1
	100

	11
	4KZ6
	3.1
	Beta-lactamase
	H2
	S1
	V1
	76

	12
	3G2Z
	2.36
	Beta-lactamase_CTX-M-9a
	H1
	S1
	V1
	60

	12
	3G31
	2.89
	Beta-lactamase_CTX-M-9a
	H1
	S1
	V1
	67

	12
	4DE1
	5.96
	Beta-lactamase_CTX-M-9a
	H1
	S1
	V1
	100

	12
	4DE2
	4.12
	Beta-lactamase_CTX-M-9a
	H1
	S1
	V1
	97

	12
	4DE3
	5.52
	Beta-lactamase_CTX-M-9a
	H1
	S1
	V1
	100

	13
	3NQ9
	4.03
	Beta-lactoglobulin
	H3
	S2
	V1
	86

	13
	3UEU
	5.24
	Beta-lactoglobulin
	H3
	S2
	V1
	79

	13
	3UEV
	5.89
	Beta-lactoglobulin
	H3
	S2
	V1
	67

	13
	3UEW
	6.31
	Beta-lactoglobulin
	H3
	S2
	V1
	85

	13
	3UEX
	6.92
	Beta-lactoglobulin
	H3
	S2
	V1
	81

	14
	2VKM
	8.74
	Beta-secretase_1
	H2
	S3
	V3
	97

	14
	3RSX
	4.41
	Beta-secretase_1
	H2
	S3
	V3
	75

	14
	3UDH
	2.85
	Beta-secretase_1
	H2
	S3
	V3
	79

	14
	4DJV
	6.72
	Beta-secretase_1
	H2
	S3
	V3
	81

	14
	4GID
	10.77
	Beta-secretase_1
	H2
	S3
	V3
	100

	15
	1K1I
	6.58
	Beta-trypsin
	H3
	S1
	V1
	79

	15
	1O3F
	7.96
	Beta-trypsin
	H3
	S1
	V1
	71

	15
	1UTO
	2.27
	Beta-trypsin
	H3
	S1
	V1
	60

	15
	3GY4
	5.1
	Beta-trypsin
	H3
	S1
	V1
	45

	15
	4ABG
	3.57
	Beta-trypsin
	H3
	S1
	V1
	61

	16
	3P5O
	7.3
	Bromodomain-containing_protein_4
	H3
	S1
	V1
	70

	16
	3U5J
	5.61
	Bromodomain-containing_protein_4
	H3
	S1
	V1
	71

	16
	4LZS
	4.8
	Bromodomain-containing_protein_4
	H3
	S1
	V1
	62

	16
	4OGJ
	6.79
	Bromodomain-containing_protein_4
	H3
	S1
	V1
	92

	16
	4WIV
	6.26
	Bromodomain-containing_protein_4
	H3
	S1
	V1
	82

	17
	3UI7
	9
	cAMP_and_cAMP-inhibited_cGMP_3'_5'-cyclic_phosphodiesterase_10A
	H2
	S2
	V3
	89

	17
	3UUO
	7.96
	cAMP_and_cAMP-inhibited_cGMP_3'_5'-cyclic_phosphodiesterase_10A
	H2
	S2
	V3
	82

	17
	4LLX
	2.89
	cAMP_and_cAMP-inhibited_cGMP_3'_5'-cyclic_phosphodiesterase_10A
	H2
	S2
	V3
	87

	17
	5C28
	5.66
	cAMP_and_cAMP-inhibited_cGMP_3'_5'-cyclic_phosphodiesterase_10A
	H2
	S2
	V3
	96

	17
	5C2H
	11.09
	cAMP_and_cAMP-inhibited_cGMP_3'_5'-cyclic_phosphodiesterase_10A
	H2
	S2
	V3
	97

	18
	1Q8T
	4.76
	cAMP-dependent_protein_kinase_catalytic_subunit_alpha
	H2
	S2
	V3
	95

	18
	1Q8U
	5.96
	cAMP-dependent_protein_kinase_catalytic_subunit_alpha
	H2
	S2
	V3
	83

	18
	1YDR
	5.52
	cAMP-dependent_protein_kinase_catalytic_subunit_alpha
	H2
	S2
	V3
	100

	18
	1YDT
	7.32
	cAMP-dependent_protein_kinase_catalytic_subunit_alpha
	H2
	S2
	V3
	90

	18
	3AG9
	8.05
	cAMP-dependent_protein_kinase_catalytic_subunit_alpha
	H2
	S2
	V3
	84

	19
	2WEG
	6.5
	Carbonic_anhydrase_2
	H3
	S2
	V1
	57

	19
	3DD0
	9
	Carbonic_anhydrase_2
	H3
	S2
	V1
	71

	19
	3KWA
	4.08
	Carbonic_anhydrase_2
	H3
	S2
	V1
	51

	19
	3RYJ
	7.8
	Carbonic_anhydrase_2
	H3
	S2
	V1
	52

	19
	4JSZ
	2.3
	Carbonic_anhydrase_2
	H3
	S2
	V1
	67

	20
	3NW9
	9
	Catechol_o-methyltransferase
	H1
	S2
	V3
	100

	20
	3OE4
	7.47
	Catechol_o-methyltransferase
	H1
	S2
	V3
	98

	20
	3OE5
	6.88
	Catechol_o-methyltransferase
	H1
	S2
	V3
	100

	20
	3OZS
	5.33
	Catechol_o-methyltransferase
	H1
	S2
	V3
	100

	20
	3OZT
	4.13
	Catechol_o-methyltransferase
	H1
	S2
	V3
	100

	21
	1PXN
	7.15
	Cell_division_protein_kinase_2
	H1
	S2
	V2
	91

	21
	2FVD
	8.52
	Cell_division_protein_kinase_2
	H1
	S2
	V2
	100

	21
	2XNB
	6.83
	Cell_division_protein_kinase_2
	H1
	S2
	V2
	90

	21
	3PXF
	4.43
	Cell_division_protein_kinase_2
	H1
	S2
	V2
	90

	21
	4EOR
	6.3
	Cell_division_protein_kinase_2
	H1
	S2
	V2
	90

	22
	4AGN
	3.97
	Cellular_tumor_antigen_p53
	H3
	S1
	V1
	96

	22
	4AGP
	4.69
	Cellular_tumor_antigen_p53
	H3
	S1
	V1
	96

	22
	4AGQ
	5.01
	Cellular_tumor_antigen_p53
	H3
	S1
	V1
	94

	22
	5A7B
	3.57
	Cellular_tumor_antigen_p53
	H3
	S1
	V1
	94

	22
	5ABA
	2.98
	Cellular_tumor_antigen_p53
	H3
	S1
	V1
	87

	23
	3ARP
	7.15
	Chitinase_a
	H3
	S1
	V1
	90

	23
	3ARQ
	6.4
	Chitinase_a
	H3
	S1
	V1
	91

	23
	3ARU
	3.22
	Chitinase_a
	H3
	S1
	V1
	85

	23
	3ARV
	5.64
	Chitinase_a
	H3
	S1
	V1
	94

	23
	3ARY
	6
	Chitinase_a
	H3
	S1
	V1
	90

	24
	1LPG
	7.09
	Coagulation_factor_x_heavy_chain
	H1
	S1
	V2
	100

	24
	1MQ6
	11.15
	Coagulation_factor_x_heavy_chain
	H1
	S1
	V2
	94

	24
	1Z6E
	9.72
	Coagulation_factor_x_heavy_chain
	H1
	S1
	V2
	100

	24
	2XBV
	8.43
	Coagulation_factor_x_heavy_chain
	H1
	S1
	V2
	80

	24
	2Y5H
	5.79
	Coagulation_factor_x_heavy_chain
	H1
	S1
	V2
	94

	25
	4CR9
	4.1
	Coagulation_factor_xi
	H3
	S1
	V2
	91

	25
	4CRA
	7.22
	Coagulation_factor_xi
	H3
	S1
	V2
	100

	25
	4CRC
	8.72
	Coagulation_factor_xi
	H3
	S1
	V2
	92

	25
	4TY7
	9.52
	Coagulation_factor_xi
	H3
	S1
	V2
	100

	25
	4X6P
	8.3
	Coagulation_factor_xi
	H3
	S1
	V2
	100

	26
	2ZCQ
	8.82
	Dehydrosqualene_synthase
	H2
	S2
	V3
	94

	26
	2ZCR
	6.87
	Dehydrosqualene_synthase
	H2
	S2
	V3
	84

	26
	2ZY1
	7.4
	Dehydrosqualene_synthase
	H2
	S2
	V3
	91

	26
	3ACW
	4.76
	Dehydrosqualene_synthase
	H2
	S2
	V3
	87

	26
	4EA2
	6.44
	Dehydrosqualene_synthase
	H2
	S2
	V3
	71

	27
	2V00
	3.66
	Endothiapepsin
	H2
	S1
	V3
	84

	27
	3PRS
	7.82
	Endothiapepsin
	H2
	S1
	V3
	86

	27
	3PWW
	7.32
	Endothiapepsin
	H2
	S1
	V3
	91

	27
	3URI
	9
	Endothiapepsin
	H2
	S1
	V3
	77

	27
	3WZ8
	5.82
	Endothiapepsin
	H2
	S1
	V3
	83

	28
	1QKT
	9.04
	Estrogen_receptor
	H3
	S3
	V3
	61

	28
	2P15
	10.3
	Estrogen_receptor
	H3
	S3
	V3
	53

	28
	2POG
	9.54
	Estrogen_receptor
	H3
	S3
	V3
	43

	28
	2QE4
	7.96
	Estrogen_receptor
	H3
	S3
	V3
	50

	28
	4MGD
	4.69
	Estrogen_receptor
	H3
	S3
	V3
	45

	29
	1P1N
	6.8
	Glutamate_receptor_2
	H2
	S3
	V1
	43

	29
	1P1Q
	4.89
	Glutamate_receptor_2
	H2
	S3
	V1
	50

	29
	1SYI
	5.44
	Glutamate_receptor_2
	H2
	S3
	V1
	50

	29
	2AL5
	8.4
	Glutamate_receptor_2
	H2
	S3
	V1
	52

	29
	4U4S
	2.92
	Glutamate_receptor_2
	H2
	S3
	V1
	99

	30
	1VSO
	4.72
	Glutamate_receptor_ionotropic_kainate_1
	H2
	S3
	V2
	71

	30
	3FV1
	9.3
	Glutamate_receptor_ionotropic_kainate_1
	H2
	S3
	V2
	44

	30
	3FV2
	8.11
	Glutamate_receptor_ionotropic_kainate_1
	H2
	S3
	V2
	50

	30
	3GBB
	6.9
	Glutamate_receptor_ionotropic_kainate_1
	H2
	S3
	V2
	51

	30
	4DLD
	5.82
	Glutamate_receptor_ionotropic_kainate_1
	H2
	S3
	V2
	72

	31
	3EBP
	5.91
	Glycogen_phosphorylase_muscle_form
	H1
	S3
	V3
	71

	31
	3G2N
	4.09
	Glycogen_phosphorylase_muscle_form
	H1
	S3
	V3
	63

	31
	3L7B
	2.4
	Glycogen_phosphorylase_muscle_form
	H1
	S3
	V3
	77

	31
	3SYR
	5.1
	Glycogen_phosphorylase_muscle_form
	H1
	S3
	V3
	64

	31
	4EKY
	3.52
	Glycogen_phosphorylase_muscle_form
	H1
	S3
	V3
	77

	32
	1YC1
	6.17
	Heat_shock_protein_hsp_90-alpha
	H3
	S3
	V3
	80

	32
	2XDL
	3.1
	Heat_shock_protein_hsp_90-alpha
	H3
	S3
	V3
	71

	32
	2YKI
	9.46
	Heat_shock_protein_hsp_90-alpha
	H3
	S3
	V3
	85

	32
	3B27
	5.16
	Heat_shock_protein_hsp_90-alpha
	H3
	S3
	V3
	71

	32
	3RLR
	7.52
	Heat_shock_protein_hsp_90-alpha
	H3
	S3
	V3
	71

	33
	3AO4
	2.07
	Integrase
	H1
	S2
	V1
	92

	33
	3ZSO
	5.12
	Integrase
	H1
	S2
	V1
	76

	33
	3ZSX
	3.28
	Integrase
	H1
	S2
	V1
	90

	33
	3ZT2
	2.84
	Integrase
	H1
	S2
	V1
	63

	33
	4CIG
	3.67
	Integrase
	H1
	S2
	V1
	76

	34
	3EHY
	5.85
	Macrophage_metalloelastase
	H2
	S1
	V3
	80

	34
	3LKA
	2.82
	Macrophage_metalloelastase
	H2
	S1
	V3
	79

	34
	3NX7
	8.1
	Macrophage_metalloelastase
	H2
	S1
	V3
	72

	34
	3TSK
	7.17
	Macrophage_metalloelastase
	H2
	S1
	V3
	80

	34
	4GR0
	9.55
	Macrophage_metalloelastase
	H2
	S1
	V3
	100

	35
	2ZB1
	6.32
	Mitogen-activated_protein_kinase_14
	H3
	S2
	V3
	73

	35
	3E92
	8
	Mitogen-activated_protein_kinase_14
	H3
	S2
	V3
	90

	35
	3E93
	8.85
	Mitogen-activated_protein_kinase_14
	H3
	S2
	V3
	96

	35
	4DLI
	5.62
	Mitogen-activated_protein_kinase_14
	H3
	S2
	V3
	69

	35
	4F9W
	6.94
	Mitogen-activated_protein_kinase_14
	H3
	S2
	V3
	75

	36
	2VVN
	7.3
	O-glcnacase_BT_4395
	H2
	S3
	V1
	56

	36
	2W4X
	4.85
	O-glcnacase_BT_4395
	H2
	S3
	V1
	72

	36
	2W66
	4.05
	O-glcnacase_BT_4395
	H2
	S3
	V1
	61

	36
	2WCA
	5.6
	O-glcnacase_BT_4395
	H2
	S3
	V1
	80

	36
	2XJ7
	6.66
	O-glcnacase_BT_4395
	H2
	S3
	V1
	45

	37
	3COY
	6.02
	Pantothenate_synthetase
	H3
	S3
	V3
	93

	37
	3COZ
	5.57
	Pantothenate_synthetase
	H3
	S3
	V3
	99

	37
	3IVG
	4.3
	Pantothenate_synthetase
	H3
	S3
	V3
	85

	37
	4DDH
	3.32
	Pantothenate_synthetase
	H3
	S3
	V3
	77

	37
	4DDK
	2.29
	Pantothenate_synthetase
	H3
	S3
	V3
	99

	38
	2P4Y
	9
	Peroxisome_proliferator-activated_receptor_gamma
	H3
	S2
	V3
	87

	38
	2YFE
	6.63
	Peroxisome_proliferator-activated_receptor_gamma
	H3
	S2
	V3
	90

	38
	3B1M
	8.48
	Peroxisome_proliferator-activated_receptor_gamma
	H3
	S2
	V3
	100

	38
	3FUR
	8
	Peroxisome_proliferator-activated_receptor_gamma
	H3
	S2
	V3
	100

	38
	3U9Q
	4.38
	Peroxisome_proliferator-activated_receptor_gamma
	H3
	S2
	V3
	70

	39
	1A30
	4.3
	HIV-1_protease
	H2
	S3
	V3
	74

	39
	1EBY
	9.7
	HIV-1_protease
	H2
	S3
	V3
	100

	39
	2QNQ
	6.11
	HIV-1_protease
	H2
	S3
	V3
	82

	39
	3O9I
	11.82
	HIV-1_protease
	H2
	S3
	V3
	100

	39
	1G2K
	7.96
	HIV-1_protease
	H2
	S3
	V3
	94

	40
	1R5Y
	6.46
	Queuine_tRNA-ribosyltransferase
	H2
	S2
	V2
	93

	40
	1S38
	5.15
	Queuine_tRNA-ribosyltransferase
	H2
	S2
	V2
	100

	40
	3GC5
	7.26
	Queuine_tRNA-ribosyltransferase
	H2
	S2
	V2
	85

	40
	3GE7
	8.7
	Queuine_tRNA-ribosyltransferase
	H2
	S2
	V2
	73

	40
	3RR4
	4.55
	Queuine_tRNA-ribosyltransferase
	H2
	S2
	V2
	97

	41
	1O0H
	5.92
	Ribonuclease_pancreatic
	H1
	S1
	V1
	100

	41
	1U1B
	7.8
	Ribonuclease_pancreatic
	H1
	S1
	V1
	82

	41
	1W4O
	5.22
	Ribonuclease_pancreatic
	H1
	S1
	V1
	83

	41
	3D6Q
	3.76
	Ribonuclease_pancreatic
	H1
	S1
	V1
	75

	41
	3DXG
	2.4
	Ribonuclease_pancreatic
	H1
	S1
	V1
	71

	42
	3CJ4
	6.51
	RNA-directed_RNA_polymerase
	H2
	S1
	V2
	84

	42
	3GNW
	9.1
	RNA-directed_RNA_polymerase
	H2
	S1
	V2
	100

	42
	4EO8
	8.15
	RNA-directed_RNA_polymerase
	H2
	S1
	V2
	80

	42
	4IH5
	4.11
	RNA-directed_RNA_polymerase
	H2
	S1
	V2
	72

	42
	4IH7
	5.24
	RNA-directed_RNA_polymerase
	H2
	S1
	V2
	77

	43
	2WTV
	8.74
	Serine_threonine-protein_kinase_6
	H2
	S2
	V2
	100

	43
	3E5A
	8.23
	Serine_threonine-protein_kinase_6
	H2
	S2
	V2
	88

	43
	3MYG
	10.7
	Serine_threonine-protein_kinase_6
	H2
	S2
	V2
	100

	43
	3UO4
	6.52
	Serine_threonine-protein_kinase_6
	H2
	S2
	V2
	85

	43
	3UP2
	7.4
	Serine_threonine-protein_kinase_6
	H2
	S2
	V2
	81

	44
	1NVQ
	8.25
	Serine/threonine-protein_kinase_Chk1
	H1
	S2
	V2
	75

	44
	2BR1
	5.14
	Serine/threonine-protein_kinase_Chk1
	H1
	S2
	V2
	72

	44
	2BRB
	4.86
	Serine/threonine-protein_kinase_Chk1
	H1
	S2
	V2
	68

	44
	3JVR
	5.72
	Serine/threonine-protein_kinase_Chk1
	H1
	S2
	V2
	95

	44
	3JVS
	6.54
	Serine/threonine-protein_kinase_Chk1
	H1
	S2
	V2
	89

	45
	2C3I
	7.6
	Serine/threonine-protein_kinase_pim-1
	H1
	S2
	V2
	65

	45
	3BGZ
	6.26
	Serine/threonine-protein_kinase_pim-1
	H1
	S2
	V2
	65

	45
	3JYA
	6.89
	Serine/threonine-protein_kinase_pim-1
	H1
	S2
	V2
	85

	45
	4K18
	8.96
	Serine/threonine-protein_kinase_pim-1
	H1
	S2
	V2
	80

	45
	5DWR
	11.22
	Serine/threonine-protein_kinase_pim-1
	H1
	S2
	V2
	84

	46
	2WN9
	8.52
	Soluble_acetylcholine_receptor
	H3
	S1
	V2
	64

	46
	2WNC
	6.32
	Soluble_acetylcholine_receptor
	H3
	S1
	V2
	93

	46
	2X00
	11.33
	Soluble_acetylcholine_receptor
	H3
	S1
	V2
	76

	46
	2XYS
	7.42
	Soluble_acetylcholine_receptor
	H3
	S1
	V2
	64

	46
	2YMD
	3.16
	Soluble_acetylcholine_receptor
	H3
	S1
	V2
	52

	47
	3KR8
	8.1
	Tankyrase-2
	H2
	S3
	V2
	81

	47
	4J21
	7.41
	Tankyrase-2
	H2
	S3
	V2
	92

	47
	4J3L
	7.8
	Tankyrase-2
	H2
	S3
	V2
	62

	47
	4KZQ
	6.1
	Tankyrase-2
	H2
	S3
	V2
	96

	47
	4KZU
	6.5
	Tankyrase-2
	H2
	S3
	V2
	100

	48
	1QF1
	7.32
	Thermolysin
	H2
	S1
	V2
	100

	48
	1Z9G
	5.64
	Thermolysin
	H2
	S1
	V2
	90

	48
	3FCQ
	2.77
	Thermolysin
	H2
	S1
	V2
	75

	48
	4TMN
	10.17
	Thermolysin
	H2
	S1
	V2
	100

	48
	5TMN
	8.04
	Thermolysin
	H2
	S1
	V2
	91

	49
	1BCU
	3.28
	Thrombin_light_chain
	H1
	S1
	V2
	100

	49
	1OYT
	7.24
	Thrombin_light_chain
	H1
	S1
	V2
	78

	49
	2ZDA
	8.4
	Thrombin_light_chain
	H1
	S1
	V2
	85

	49
	3BV9
	5.36
	Thrombin_light_chain
	H1
	S1
	V2
	94

	49
	3UTU
	10.92
	Thrombin_light_chain
	H1
	S1
	V2
	96

	50
	4BKT
	3.62
	Transcription_elongation_factor_b_polypeptide_2
	H3
	S1
	V1
	85

	50
	4W9C
	4.65
	Transcription_elongation_factor_b_polypeptide_2
	H3
	S1
	V1
	96

	50
	4W9H
	6.73
	Transcription_elongation_factor_b_polypeptide_2
	H3
	S1
	V1
	100

	50
	4W9I
	5.96
	Transcription_elongation_factor_b_polypeptide_2
	H3
	S1
	V1
	99

	50
	4W9L
	5.02
	Transcription_elongation_factor_b_polypeptide_2
	H3
	S1
	V1
	100

	51
	3F3A
	4.19
	Transporter
	H3
	S3
	V2
	65

	51
	3F3C
	6.02
	Transporter
	H3
	S3
	V2
	56

	51
	3F3D
	7.16
	Transporter
	H3
	S3
	V2
	50

	51
	3F3E
	7.7
	Transporter
	H3
	S3
	V2
	46

	51
	4MME
	6.5
	Transporter
	H3
	S3
	V2
	74

	52
	2V7A
	8.3
	Tyrosine-protein_kinase_ABL1
	H1
	S2
	V2
	99

	52
	3K5V
	6.3
	Tyrosine-protein_kinase_ABL1
	H1
	S2
	V2
	88

	52
	3MSS
	4.66
	Tyrosine-protein_kinase_ABL1
	H1
	S2
	V2
	83

	52
	3PYY
	6.86
	Tyrosine-protein_kinase_ABL1
	H1
	S2
	V2
	88

	52
	4TWP
	10
	Tyrosine-protein_kinase_ABL1
	H1
	S2
	V2
	92

	53
	3QGY
	7.8
	Tyrosine-protein_kinase_itk_tsk
	H3
	S3
	V3
	78

	53
	4M0Y
	6.46
	Tyrosine-protein_kinase_itk_tsk
	H3
	S3
	V3
	80

	53
	4M0Z
	5.19
	Tyrosine-protein_kinase_itk_tsk
	H3
	S3
	V3
	70

	53
	4QD6
	8.64
	Tyrosine-protein_kinase_itk_tsk
	H3
	S3
	V3
	93

	53
	4RFM
	10.05
	Tyrosine-protein_kinase_itk_tsk
	H3
	S3
	V3
	95

	54
	4E5W
	7.66
	Tyrosine-protein_kinase_JAK1
	H1
	S2
	V2
	100

	54
	4IVB
	8.72
	Tyrosine-protein_kinase_JAK1
	H1
	S2
	V2
	76

	54
	4IVC
	10
	Tyrosine-protein_kinase_JAK1
	H1
	S2
	V2
	71

	54
	4IVD
	9.52
	Tyrosine-protein_kinase_JAK1
	H1
	S2
	V2
	72

	54
	4K77
	6.63
	Tyrosine-protein_kinase_JAK1
	H1
	S2
	V2
	82

	55
	4E6Q
	8.36
	Tyrosine-protein_kinase_JAK2
	H1
	S3
	V2
	81

	55
	4F09
	6.7
	Tyrosine-protein_kinase_JAK2
	H1
	S3
	V2
	87

	55
	4GFM
	7.22
	Tyrosine-protein_kinase_JAK2
	H1
	S3
	V2
	83

	55
	4HGE
	7.92
	Tyrosine-protein_kinase_JAK2
	H1
	S3
	V2
	70

	55
	4JIA
	9.22
	Tyrosine-protein_kinase_JAK2
	H1
	S3
	V2
	100

	56
	1BZC
	4.92
	Tyrosine-protein_phosphatase_non-receptor_type_1
	H1
	S2
	V1
	79

	56
	2HB1
	3.8
	Tyrosine-protein_phosphatase_non-receptor_type_1
	H1
	S2
	V1
	41

	56
	2QBP
	8.4
	Tyrosine-protein_phosphatase_non-receptor_type_1
	H1
	S2
	V1
	96

	56
	2QBQ
	7.44
	Tyrosine-protein_phosphatase_non-receptor_type_1
	H1
	S2
	V1
	100

	56
	2QBR
	6.33
	Tyrosine-protein_phosphatase_non-receptor_type_1
	H1
	S2
	V1
	90

	57
	1C5Z
	4.01
	Urokinase-type_plasminogen_activator
	H1
	S1
	V1
	80

	57
	1O5B
	5.77
	Urokinase-type_plasminogen_activator
	H1
	S1
	V1
	90

	57
	1OWH
	7.4
	Urokinase-type_plasminogen_activator
	H1
	S1
	V1
	91

	57
	1SQA
	9.21
	Urokinase-type_plasminogen_activator
	H1
	S1
	V1
	92

	57
	3KGP
	2.57
	Urokinase-type_plasminogen_activator
	H1
	S1
	V1
	65




[bookmark: _Ref117686670][bookmark: _Toc117771876]Figure A.1: Score comparison between “raw” and “opt” sets for each protocol and score function. Scores from raw and opt set are depicted on the x and y axes, respectively.


[bookmark: _Ref117686849][bookmark: _Toc117771877]Figure A.2: Percentage of sub-2 Å RMSD structures in docking test. RosettaLigand value on the x-axis and Talaris2014 (A), Ref2015 (B) and Betanov16 (C) on the y-axis.



[bookmark: _Ref117687744][bookmark: _Toc117771878]Figure A.3: Ranking test results across Rosetta protocols. Average Spearman correlation across multiple preparation protocols: un-optimized PDB file “raw” and constrained relax “relaxed” protein preparations, molfiletoparams.py script “molfiletoparams” and AM1-BCC “am1bcc” partial charge generation, and high-resolution sampling and final minimization “hires_finalmin” vs. only final minimization “finalmin”. Each combination was tested within each score function.

Full results of CASF-2016 ranking test
Scoring functions are ranked by the average Spearman correlation coefficients. Those sharing the same rank are indicated by the post-hoc Friedman test that they are not differentiable at α =0.10 level. Average Spearman correlation coefficient () between the experimental binding data and computed binding scores as obtained on 57 clusters. Average Kendall correlation coefficient () between the experimental binding data and computed binding scores as obtained on 57 clusters. Average predictive index (PI) between the experimental binding data and computed binding scores as obtained on 57 clusters. The 90% confidence interval of the Spearman correlation coefficient of this scoring function, which is derived from 10000 replicated bootstrapping samples. Bolded lines indicate Rosetta results. 



[bookmark: _Toc117771842]Table A.2: Full results of CASF-2016 ranking test. Table taken directly from S10 of Su et al [1].

Example of scientific benchmarking server output 

This is an example of the output HTML from the ligand docking test on the benchmark server from the following test: 
Branch: master [revision:61957]
Committed by: Sergey Lyskov
Commit: 284104f6057fa99e diff
Commit date: 2022-10-19 12:48:49


======================
Scientific test: ligand_docking
SAMPLING FAILURES
ligand: 0

ref2015: 0
SCORING FAILURES
ligand: 25
2BR1 2VTS 2WXG 2ZDT 3BLL 3FKL 3FLY 3K5V 3P0Q 3PE2 3TLL 3U5K 3UWK 4BQH 4CCU 4CHN 4F1L 4FA2 4FPJ 4I4F 4UAL 5AM0 5CTU 5D7C 5D7P
ref2015: 26
1ZZL 2BR1 2HK5 2VTS 3BLL 3FLY 3K5V 3PE2 3R5N 3UWK 3ZXZ 4BQH 4CCU 4CHN 4F1L 4FA2 4FPJ 4J93 4KTN 4MCC 4UWC 5AM0 5AOJ 5CTU 5D7C 5D7P
RESULTS
  

[bookmark: _Ref117687867][bookmark: _Toc117771879]Figure A.4: Subset of score versus RMSD plots from example scientific benchmarking run. 




## AUTHOR AND DATE
Adapted for the current benchmarking framework by Shannon Smith (shannon.t.smith.1@vanderbilt.edu; Meiler Lab), Feb 2019
## PURPOSE OF THE TEST
This benchmark is meant to test how well we discriminate native small molecule binding orientations from decoys based on the interface score term by performing standard ligand docking experiments across 50 diverse protein-ligand complexes.
## BENCHMARK DATASET
The dataset consists of 50 protein-ligand complexes extracted from the Diverse Platinum Dataset (Friedrich, N. et al. J. Chem. Inf. Model, 2017). In addition to the filters described thoroughly in Friedrich et al., the maximum resolution allowed was reduced to 2.0A, drug-like ligands were chosen using standard Lipinski Rules (Lipinski, C.A., et al. Advanced Drug Delivery Reviews, 1997), and visually inspected for unrealistic orientations and crystallographic artefact. This dataset was also filtered to eliminate cofactors or multiple ligands witin the binding site. The full list of protein-ligand complexes is given in the 1.submit.py file by PDB ID.
## PROTOCOL
Structure preparation:
Proteins were extracted directly from the PDB according to their PDBIDs, underwent minimal cleaning to remove the ligand. Note that no prior relax or other structural manipulations were performed prior to beginning the docking run.
Ligand preparation:
Initial ligand structures were downloaded from the Protein Data Bank using the ligand ideal SDF. Note that this is not the same as the structure from the input cocrystal structure in order to minimize conformational bias towards a particular pre-generated pose. Ligand files were cleaned using OpenBabel (J. Cheminf. 2011, 3, 33), run through BCL Conformer Generator (Kothiwale, Meiler. J. Cheminform., 2015) and generated Rosetta-readable parameter files according to the following scripts:
BCL Conformer Generator
bcl.exe molecule:ConformerGenerator -rotamer_library cod -top_models 100 -ensemble_filenames NAME.sdf -conformers_single_file NAME_conformers.sdf -conformation_comparer 'Dihedral(method=Max)' 30 -max_iterations 1000
Rosetta Parameter File Generation:
/programs/x86_64-linux/rosetta/3.8/main/source/scripts/python/public/molfile_to_params.py -n $NAME -p $NAME --mm-as-virt --conformers-in-one-file NAME_conformers.sdf --chain X
This protocol currently uses 50 protein-ligand complexes, each containing the input file containing the cleaned protein + input ligand PDB (target_input.pdb), the native protein-ligand complex for RMSD calculations (target_native.pdb), the ligand params file (target_ligand.params) and the ligand conformer library file pointed to by the params file (target_ligand_conformers.pdb).
NOTE: the protein and ligand preparation steps were performed previously and are given as the input in the data/ directory. In other words, these steps are not performed each time this benchmark is run.
Each test takes ~8 CPU hours x 50 tests = ~400 CPU hours.
## PERFORMANCE METRICS
The big question that this benchmark intends to test is how well we discriminate native versus non-native binding poses. A run is determined successful if there is an near-native (<2A) structure within the top 1 percent of models based on the interface_delta_X score.
Sampling failure is defined as having no sub-2A output structures.
Scoring failure is defined as not having a sub-2A output structure within the top 10% ranked by interface score (this is a pretty large margin and may adjust accordingly).
A pass/fail is defined in the following way: Each score function has a number of allowed failures, i.e. for how many targets a scoring failure exists, out of 50 targets. The cutoffs for these were derived by looking at 10 runs, taking the maximum number of targets that fail, plus 2. The cutoffs for these are defined in the 9.finalize.py step. If any scorefunction has more targets failing than this cutoff, the entire test fails.
## KEY RESULTS
This benchmark is meant to be a longitudinal test to determine how changes in the scorefunction impact small-molecule docking performance.
Performance varies greatly across different test cases, so I am not sure how to go about grading overall performance. This also makes it difficult to define a binary pass/fail criteria to the entire benchmark.
## DEFINITIONS AND COMMENTS
There is a bit of noise in the runs, so you may need to compare several runs to get better sense of how different scorefunctions compare.
## LIMITATIONS
The run-to-run variablility is rather high, which might indicate that the benchmark could be improved by running several output structures for each input, rather than just the current one.
This benchmark currently utilizes the ligand scorefunction (an off-shoot of the score12 environment), as this is currently the best protocol for ligand docking in Rosetta. Could be updated for talaris2014, but performance has been shown to deteriorate in the newer scoring environments, notably ref2015 and later.


Chapter 2 Protocol Captures

This protocol capture contains all preparation, run and analysis scripts for CASF-2016 tests. Additionally, we also provide the setup for docking with full sampling test and AM1-BCC partial charge generation method. All CASF-2016 experiments use the inputs and analysis scripts provided by the CASF-2016 distribution described in (1) The dataset including all input files and analysis scripts was downloaded from http://www.pdbbind-cn.org/casf.php . All Rosetta scripts were run using version 3.10. 



Some scripts below using OpenBabel and BCL software from the following publications. 

Su M.Y.; Yang Q.F.; Du Y.; Feng G.Q.; Liu Z.H.; Li Y.; Wang R.X. Comparative Assessment of Scoring Functions: The CASF-2016 Update. J. Chem. Inf. Model., 2019. DOI: 10.1021/acs.jcim.8b00545.
O'Boyle NM, Banck M, James CA, Morley C, Vandermeersch T, Hutchison GR. Open Babel: An open chemical toolbox. J Cheminform. 2011;3:33.
Kothiwale S, Mendenhall JL, Meiler J. BCL::Conf: small molecule conformational sampling using a knowledge based rotamer library. J Cheminform. 2015;7:47.
Jakalian A, Jack DB, Bayly CI. Fast, efficient generation of high-quality atomic charges. AM1-BCC model: II. Parameterization and validation. J Comput Chem. 2002;23(16):1623-41.



CASF-2016 Tests

[bookmark: _Toc117646491]Preparation of ligand files for scoring/ranking tests:## Takes ligand compound files given from CASF2016, labelled as "raw" and "opt" to generate Rosetta-readable files. Each ligand was put into its own subdirectory ${PDB}/ based on the PDB ID (4-letter code). 

PDB=$1 ## 4-letter PDB code
SFXN=$2 ## score function
RUN=$3 ## using ”raw” or “opt” structure
 
# Use Open Babel (2.4.1) to convert .mol2 to .sdf format
obabel -imol2 ${PDB}/${PDB}_ligand_${TYPE}.mol2 -osdf -O ${PDB}/${PDB}_ligand_${TYPE}.sdf
 
# Generate Rosetta-readable params file for ligand. This outputs a .pdb file containing matched atom names to the params file and a ligand parameters file (.params).
python2.7 $ROSETTA/main/source/scripts/python/public/molfile_to_params.py -n ${PDB}_ligand_${TYPE} -p ${PDB}_ligand_${TYPE} --mm-as-virt --long-names --chain X ${PDB}/${PDB}_ligand_${TYPE}.sdf
 
# Move outputs from molfiletoparams.py script into appropriate subdirectory.
mv ${PDB}*.p* ${PDB}/

    done
done



Running scoring/ranking tests:
SFXN=$1 ## score function
RUN=$2 ## using ”raw” or “opt” structure
TYPE=$3 ## hires + finalmin or just finalmin

$ROSETTA/main/source/bin/rosetta_scripts.linuxgccrelease \
    @ ${TYPE}.flags \
    @ ${SFXN}.flags \
    -parser:protocol ${SFXN}_${TYPE}.xml \
    -s "$CASF/coreset/${PDB}/${PDB}_protein.pdb \ $CASF/coreset/${PDB}/${PDB}_ligand_raw_0001.pdb" \
    -in:file:native "$CASF/coreset/${PDB}/${PDB}_protein.pdb \ $CASF/coreset/${PDB}/${PDB}_ligand_raw_0001.pdb" \
    -extra_res_fa $CASF/coreset/${PDB}/${PDB}_ligand_raw.params \
    -out:file:score_only ${PDB}_score.sc \





[bookmark: _Toc119433584]Preparation of ligand files for docking test:
# Start from ${PDB}_decoys.mol2 file distributed from CASF2016 and split into individual decoy .mol2 files into PDB_DECOYNUMBER_raw.mol2.
# Similar to ligand preparation for the scoring/ranking test, we have to make these Rosetta-readable ligand files.
# listof_ligands text file contains the 4-letter PDB ID on each line
 
for LIGAND in `awk '{print $1}' ./listof_ligands `; do
obabel -imol2 ${LIGAND}_raw.mol2 -osdf -O ${LIGAND}_clean.sdf

python2.7 $ROSETTA/main/source/scripts/python/public/molfile_to_params.py -n ${LIGAND} -p ${LIGAND} --mm-as-virt --conformers-in-one-file ${LIGAND}_clean.sdf --chain X
done









[bookmark: _Toc119433585]Running docking test:
# Start from ${PDB}_decoys.mol2 file distributed from CASF2016 and split into individual decoy .mol2 files into PDB_DECOYNUMBER_raw.mol2.
# Similar to ligand preparation for the scoring/ranking test, we have to make these Rosetta-readable ligand files.
# listof_ligands text file contains the 4-letter PDB ID on each line
 
for LIGAND in `awk '{print $1}' ./listof_ligands `; do
obabel -imol2 ${LIGAND}_raw.mol2 -osdf -O ${LIGAND}_clean.sdf

python2.7 $ROSETTA/main/source/scripts/python/public/molfile_to_params.py -n ${LIGAND} -p ${LIGAND} --mm-as-virt --conformers-in-one-file ${LIGAND}_clean.sdf --chain X
done






Running docking test analysis scripts:


[bookmark: _Toc119433586]Running docking test analysis:
# Following file formatting in CASF examples, all PDBs are put into a single directory (e.g. ./docking_run) with filenames $PDB_score.dat. require “#code score” in first line followed by decoy name and score on the following rows. 

# Docking test analysis
python2.7 $CASF/power_docking/docking_power.py -c $CASF/power_docking/CoreSet.dat -s ./docking_run/ -p 'negative' -r $CASF/decoys_docking/ -o run_dockingtest > run_dockingtest.out

# Subset analysis
for SUBSET in H S V ; do for NUM in {1..3}; do

python2.7 $CASF/power_docking/docking_power.py -c $CASF/power_docking/subset-${SUBSET}${NUM}.dat -s ./docking_run/ -p 'negative' -r $CASF/decoys_docking/ -o run_dockingtest.${SUBSET}${NUM} > run_dockingtest.${SUBSET}${NUM}.out

done done


[bookmark: _Toc119433587]Preparation of ligand files for screening test:# convert given .mol2 file containing decoys into individual SDFs.     
obabel -imol2 ${PDB}_${LIG}.mol2 -osdf -O ${PDB}_ligand_${LIG}.sdf
python ./split_sdffile.py ${PDB}_ligand_${LIG}.sdf

for i in ${LIG}_ligand_*sdf ; do
python2.7 $ROSETTA/main/source/scripts/python/public/molfile_to_params.py -n LIG -p ${i%.sdf} --long-names --mm-as-virt --chain X ${i}
done
 
ls *.pdb >> listof_${PDB}_${LIG}.pdbs



Running screening test
$ROSETTA/main/source/bin/rosetta_scripts.linuxgccrelease \ 
    @ flags_common_nstruct1 \
    @ flags_${SFXN} \
    -parser:protocol ${SFXN}_finalmin.xml \
    -s ${PDB}_protein.pdb ${PDB}_ligand_${LIG}.pdb" \
    -in:file:native ${PDB}_protein.pdb ${PDB}_ligand_${LIG}.pdb" \
    -extra_res_fa ${PDB}_ligand_${LIG}.params \
    -out:file:scorefile ./screening_run/${PDB}_${LIG}.sc 



Running screening test analysis:
# Following file formatting in CASF examples, all PDBs are put into a single directory (e.g. ./screening_run) with filenames $PDB_score.dat. require “#code score” in first line followed by decoy name and score on the following rows. 

# Screening test analysis
python2.7 $CASF/power_screening/screening_power.py -c $CASF/power_screening/CoreSet.dat -s ./screening_run/ -p 'negative' -r $CASF/decoys_screening/ -o run_screeningtest > run_screeningtest.out

# Subset analysis
for SUBSET in H S V ; do for NUM in {1..3}; do

python2.7 $CASF/power_screening/screening_power.py -c $CASF/power_screening/subset-${SUBSET}${NUM}.dat -s ./screening_run/ -p 'negative' -r $CASF/decoys_screening/ -o run_screeningtest.${SUBSET}${NUM} > run_screeningtest.${SUBSET}${NUM}.out

done done


Prep ligand files for docking test with full sampling# separate into directory by PDB ID.
mkdir -p ./ligand_prep_for_docking/${PDB}/
cd ./ligand_prep_for_docking/${PDB}/
 
# make 2d structure in obabel so we don't start from docked structure
obabel -imol $coreset/${PDB}/${PDB}_ligand_raw.sdf -osdf -O ${PDB}_2d.sdf --gen2d
# make idealized 3d from 2d
obabel -isdf ${PDB}_2d.sdf -osdf -O ${PDB}_3d.sdf --gen3d
# check in bcl
bcl.exe molecule:Filter -add_h -neutralize -defined_atom_types -3d -input_filenames ${PDB}_3d.sdf -output_matched ${PDB}_CLEANED.sdf -output_unmatched ${PDB}_UNCLEANED.sdf -message_level Debug
# generate conformers
bcl.exe molecule:ConformerGenerator -rotamer_library cod -top_models 100 -ensemble_filenames ${PDB}_CLEANED.sdf -conformers_single_file ${PDB}_CLEANED.conf.sdf -conformation_comparer 'Dihedral(method=Max)' 30 -max_iterations 1000
# generate params file
python2.7 /dors/meilerlab/apps/rosetta/rosetta-3.10/main/source/scripts/python/public/molfile_to_params.py -n ${PDB}_ligand -p ${PDB}_ligand --mm-as-virt --long-names --conformers-in-one-file ${PDB}_CLEANED.conf.sdf --chain X



AM1-BCC partial charge generation:
# AM1-BCC Partial Charge Generation: 
/programs/x86_64-linux/ambertools/17/bin/antechamber -i $coreset_dir/${PDB}/${PDB}_ligand_opt.sdf -fi sdf -o $coreset_dir/${PDB}/${PDB}_am1bcc.mol2 -fo mol2 -c bcc -nc ${FC}

 

XMLs and options files for Rosetta runs: 

Basic XML: <ROSETTASCRIPTS>
    <SCOREFXNS>
        [SCORE FUNCTION CHANGES HERE]
    </SCOREFXNS>
    <TASKOPERATIONS>
    </TASKOPERATIONS>
    <LIGAND_AREAS>
        <LigandArea name="docking_sidechain" chain="X" cutoff="6.0" add_nbr_radius="true" all_atom_mode="true" minimize_ligand="10"/>
        <LigandArea name="final_sidechain" chain="X" cutoff="6.0" add_nbr_radius="true" all_atom_mode="true"/>
        <LigandArea name="final_backbone" chain="X" cutoff="7.0" add_nbr_radius="false" all_atom_mode="true" Calpha_restraints="0.3"/>
    </LIGAND_AREAS>
    <INTERFACE_BUILDERS>
        <InterfaceBuilder name="side_chain_for_docking" ligand_areas="docking_sidechain"/>
        <InterfaceBuilder name="side_chain_for_final" ligand_areas="final_sidechain"/>
        <InterfaceBuilder name="backbone" ligand_areas="final_backbone" extension_window="3"/>
    </INTERFACE_BUILDERS>
    <MOVEMAP_BUILDERS>
        <MoveMapBuilder name="docking" sc_interface="side_chain_for_docking" minimize_water="true"/>
        <MoveMapBuilder name="final" sc_interface="side_chain_for_final" bb_interface="backbone" minimize_water="true"/>
    </MOVEMAP_BUILDERS>
    <SCORINGGRIDS ligand_chain="X" width="30.0">
        <ClassicGrid grid_name="vdw" weight="1.0"/>
    </SCORINGGRIDS>
    <MOVERS>
[DELETE LEADING “<” TO REMOVE HighResDocker stage on line below]
  	  <HighResDocker name="high_res_docker" cycles="6" repack_every_Nth="3" scorefxn="ligand_soft_rep" movemap_builder="docking"/>
        <FinalMinimizer name="final" scorefxn="hard_rep" movemap_builder="final"/>
        <InterfaceScoreCalculator name="add_scores" chains="X" scorefxn="hard_rep" compute_grid_scores="0"/>
[DELETE LEADING “<” TO REMOVE HighResDocker stage on line below]
        <ParsedProtocol name="high_res_dock">
            <Add mover_name="final"/>
        </ParsedProtocol>
        <ParsedProtocol name="reporting">
            <Add mover_name="add_scores"/>
        </ParsedProtocol>
    </MOVERS>
    <PROTOCOLS>
        <Add mover_name="high_res_dock"/>
        <Add mover_name="reporting"/>
    </PROTOCOLS>
</ROSETTASCRIPTS>


Adaptations to above XML for respective score functions: 
RosettaLigand<ScoreFunction name="ligand_soft_rep" weights="ligand_soft_rep">
     <Reweight scoretype="fa_elec" weight="0.42"/>
     <Reweight scoretype="hbond_bb_sc" weight="1.3"/>
     <Reweight scoretype="hbond_sc" weight="1.3"/>
     <Reweight scoretype="rama" weight="0.2"/>
</ScoreFunction>
     
<ScoreFunction name="hard_rep" weights="ligand">
     <Reweight scoretype="fa_intra_rep" weight="0.004"/>
     <Reweight scoretype="fa_elec" weight="0.42"/>
     <Reweight scoretype="hbond_bb_sc" weight="1.3"/>
     <Reweight scoretype="hbond_sc" weight="1.3"/>
     <Reweight scoretype="rama" weight="0.2"/>
</ScoreFunction>


Talaris2014<ScoreFunction name="ligand_soft_rep" weights="ligand_soft_rep">
     <Reweight scoretype="fa_elec" weight="0.42"/>
     <Reweight scoretype="hbond_bb_sc" weight="1.3"/>
     <Reweight scoretype="hbond_sc" weight="1.3"/>
     <Reweight scoretype="rama" weight="0.2"/>
</ScoreFunction>
     
<ScoreFunction name="hard_rep" weights="talaris2014_cst">
</ScoreFunction>


Ref2015<ScoreFunction name="ligand_soft_rep" weights="beta_nov15_soft">
    <Reweight scoretype=”coordinate_constraint” weight=”1.0”/>
    <Reweight scoretype=”atom_pair_constraint” weight=”1.0”/>
    <Reweight scoretype=”angle_constraint” weight=”1.0”/>
    <Reweight scoretype=”dihedral_constraint” weight=”1.0”/>
    <Reweight scoretype=”chainbreak” weight=”1.0”/>
<ScoreFunction>

<ScoreFunction name=”hard_rep” weights=”beta_nov15_cst”>
</ScoreFunction>
    

     


Betanov16<ScoreFunction name="ligand_soft_rep" weights="beta_nov15_soft">
    <Reweight scoretype=”coordinate_constraint” weight=”1.0”/>
    <Reweight scoretype=”atom_pair_constraint” weight=”1.0”/>
    <Reweight scoretype=”angle_constraint” weight=”1.0”/>
    <Reweight scoretype=”dihedral_constraint” weight=”1.0”/>
    <Reweight scoretype=”chainbreak” weight=”1.0”/>
<ScoreFunction>

<ScoreFunction name=”hard_rep” weights=”beta_nov15_cst”>
</ScoreFunction>
    

     


Flags files for respective score functions using Rosetta v3.10: (e.g. ${SFXN}.flags) 

These options turn are used to ensure compatibility with database and scoring files when using a particular score function. The Ref2015 flags file is empty; however, since I ran these within a loop, the file did need to exist in order to not crash out due to a file not existing. 

RosettaLigand -mistakes:restore_pre_talaris_2013_behavior
-store:analytic_etable_evaluation true

Talaris2014-restore_talaris_behavior true

Ref2015# Not needed since Ref2015 is currently the default score function in Rosetta v3.10. 

Betanov16-beta_nov16





[bookmark: _Toc119433588]Chapter 3 Supplementary Materials 

Test Set Information
	[bookmark: RANGE!A1:G220]PDB
ID
	Ligand
ID
	Chain
	Number of local waters
	Number of
Bridging waters
	Res (Å)
	Ligand
SASA

	2XIR
	00J
	A
	16
	1
	1.5
	152.382

	4DQE
	17
	B
	6
	1
	1.3
	45.696

	3UGC
	46
	A
	14
	2
	1.34
	71.807

	2QD7
	65
	B
	12
	1
	1.11
	77.185

	3TOF
	76
	A
	14
	3
	1.45
	111.622

	3TOG
	79
	A
	9
	2
	1.24
	109.452

	3U5L
	08K
	A
	14
	1
	1.39
	96.803

	4DE1
	0J6
	A
	13
	3
	1.26
	82.234

	4DDS
	0J7
	A
	14
	5
	1.36
	108.893

	4DE0
	0JB
	A
	14
	1
	1.12
	84.012

	4EAD
	0NP
	A
	12
	1
	1.5
	59.756

	4EPV
	0QX
	A
	10
	3
	1.35
	137.89

	4FYO
	0VF
	A
	20
	5
	1.4
	128.74

	4GG9
	0WW
	A
	13
	2
	1.48
	123.457

	1NEY
	13P
	A
	9
	4
	1.2
	17.016

	4HXN
	1A7
	A
	7
	2
	1.49
	50.459

	4HXM
	1A8
	A
	14
	4
	1.5
	167.716

	4HYI
	1AO
	A
	14
	2
	1.4
	56.849

	2XDE
	1B0
	A
	12
	0
	1.4
	193.513

	4HY4
	1BG
	A
	23
	3
	1.25
	319.215

	4HZM
	1BW
	A
	13
	4
	1.45
	102.287

	4IBI
	1D8
	A
	8
	1
	1.47
	212.317

	3KFR
	1F1
	B
	4
	2
	1.3
	109.194

	3ZYU
	1GH
	A
	10
	2
	1.5
	189.709

	4IVA
	1J5
	A
	11
	2
	1.5
	48.378

	4JV8
	1M1
	B
	6
	0
	1.45
	13.479

	4K69
	1P9
	A
	13
	3
	1.5
	121.614

	3OT3
	22K
	A
	17
	3
	1.44
	77.872

	2PR3
	237
	A
	11
	2
	1.5
	154.429

	2RBN
	264
	A
	0
	0
	1.29
	0

	3AHW
	2AM
	A
	6
	5
	1.03
	207.507

	4NCW
	2KN
	B
	13
	1
	1.3
	371.118

	5BT3
	2LO
	A
	19
	4
	1.05
	264.803

	4PCE
	2N0
	A
	13
	1
	1.29
	117.762

	4PCI
	2NJ
	A
	13
	1
	1.25
	113.742

	4OG6
	2S9
	A
	26
	3
	1.49
	211.762

	2HXM
	302
	A
	21
	4
	1.3
	175.078

	4QB3
	30M
	A
	20
	1
	0.94
	97.625

	4QTB
	38Z
	A
	18
	3
	1.4
	89.462

	4QTE
	390
	A
	26
	3
	1.5
	70.494

	4CTJ
	3A9
	A
	6
	2
	1.47
	181.85

	3AGO
	3AM
	A
	9
	4
	0.99
	89.561

	4BPS
	3EB
	A
	7
	2
	1.08
	2.271

	4CAE
	3F3
	A
	13
	1
	1.46
	39.448

	4W59
	3GZ
	A
	1
	0
	1.39
	0.512

	3HF5
	3ML
	A
	2
	0
	1.4
	1.216

	3MQD
	3MQ
	A
	2
	0
	1.25
	62.767

	4DBC
	3QP
	A
	7
	1
	1.5
	37.686

	3TC5
	3T5
	A
	17
	4
	1.4
	172.425

	4IGT
	3ZA
	A
	10
	2
	1.24
	3.074

	4XJJ
	41D
	A
	4
	3
	1.4
	158.402

	3PMY
	41L
	A
	7
	1
	1.38
	66.9

	4XJO
	41O
	A
	12
	1
	1.5
	69.822

	4YES
	45S
	B
	7
	1
	1.5
	96.325

	3NU6
	478
	B
	16
	1
	1.16
	32.038

	1F8E
	49A
	A
	11
	5
	1.4
	68.878

	4YJR
	4DJ
	A
	13
	3
	1.32
	116.064

	4YJQ
	4DK
	A
	13
	4
	1.34
	62.822

	3A8A
	4FZ
	A
	8
	2
	1.4
	26.12

	4YQD
	4GZ
	A
	5
	1
	1.45
	142.787

	4YZU
	4K6
	A
	8
	3
	1.41
	107.618

	4KOR
	4KR
	A
	15
	4
	1.25
	35.268

	4Z0K
	4LN
	A
	11
	3
	1.41
	116.957

	4B35
	4ME
	A
	5
	1
	1.4
	99.365

	4WOH
	4NP
	A
	6
	0
	1.34
	130.698

	4B14
	4XB
	A
	16
	1
	1.5
	46.403

	4ABF
	513
	A
	9
	2
	1.3
	75.755

	2ZFF
	53U
	H
	5
	2
	1.47
	93.731

	5CTU
	54X
	A
	7
	3
	1.45
	63.628

	4Z1S
	559
	A
	8
	1
	1.06
	173.844

	5CTW
	55D
	A
	6
	3
	1.48
	84.693

	5D3L
	57F
	A
	10
	3
	1.5
	263.512

	5DFD
	59E
	A
	8
	1
	1.5
	194.494

	2QCF
	5FU
	A
	6
	3
	1.22
	54.89

	3N1S
	5GP
	A
	18
	5
	1.45
	40.275

	5.00E+13
	5J9
	A
	18
	4
	1.34
	273.259

	4YC0
	5OF
	A
	11
	4
	1.5
	40.981

	5F6R
	5VO
	A
	4
	1
	1.18
	46.843

	5FG6
	5XE
	A
	8
	3
	1.1
	219.44

	5FG5
	5XF
	A
	14
	2
	1.5
	182.535

	3TLL
	62D
	A
	13
	3
	1.37
	48.513

	5HM0
	62V
	A
	9
	2
	1.4
	100.093

	5HKO
	62W
	A
	9
	4
	1.2
	9.406

	2R3R
	6SC
	A
	16
	1
	1.47
	34.501

	3TLC
	7MD
	A
	18
	4
	1.3
	215.848

	3FVK
	8DX
	A
	6
	1
	1.5
	1.378

	4CB5
	93G
	A
	5
	1
	1.5
	170.231

	3P17
	99P
	H
	14
	4
	1.43
	73.768

	1F8D
	9AM
	A
	11
	5
	1.4
	72.79

	3FVN
	9DX
	A
	7
	1
	1.5
	1.025

	4LM3
	9ZE
	A
	5
	1
	1.49
	30.98

	3O9E
	A60
	A
	12
	1
	1.5
	55.875

	3SAC
	AF8
	B
	13
	1
	1.5
	70.905

	1M5E
	AM1
	A
	4
	1
	1.46
	0.675

	4NDU
	AMG
	A
	9
	4
	1.3
	107.107

	2GXQ
	AMP
	A
	13
	4
	1.2
	163.596

	4WCK
	API
	A
	11
	4
	1.4
	34.975

	1NQ7
	ARL
	A
	4
	1
	1.5
	8.97

	3IP8
	B85
	A
	6
	1
	1.5
	11.891

	3KFA
	B91
	A
	18
	2
	1.22
	76.593

	4HPJ
	BCN
	B
	11
	3
	1.45
	97.295

	4QR4
	BNK
	A
	12
	3
	1.28
	158.106

	3BLL
	BPQ
	A
	7
	1
	1.26
	50.967

	3WYP
	BSO
	B
	4
	2
	1.3
	15.142

	1WQW
	BT5
	A
	13
	3
	1.45
	109.168

	3ZL2
	BWG
	A
	7
	3
	1.25
	117.248

	2YI7
	BZ8
	A
	14
	2
	1.4
	82.701

	4MTB
	BZY
	A
	18
	4
	1.22
	156.833

	2Y71
	CB6
	A
	3
	0
	1.5
	96.301

	4PM5
	CE3
	A
	24
	4
	1.26
	231.073

	4MRY
	CEI
	A
	5
	2
	1.3
	9.21

	1LRI
	CLR
	A
	3
	1
	1.45
	26.076

	2AJV
	COC
	L
	7
	0
	1.5
	99.247

	4KM0
	CP6
	A
	9
	0
	1.3
	54.735

	4ZZN
	CQ8
	A
	19
	2
	1.33
	94.158

	3TKD
	CYZ
	A
	16
	5
	1.45
	29.508

	1Y2B
	DEE
	A
	3
	0
	1.4
	50.58

	1WBE
	DKA
	A
	1
	0
	1.36
	8.455

	4DJA
	DLZ
	A
	6
	1
	1.45
	0

	4K4O
	DOO
	A
	13
	5
	1.3
	163.099

	3AZ3
	DS6
	A
	3
	2
	1.36
	0

	3TLB
	DSZ
	A
	21
	5
	1.5
	186.918

	3GBA
	DYH
	A
	7
	1
	1.35
	0

	5DFC
	EAM
	A
	12
	2
	1.5
	221.097

	4V2Y
	EF2
	A
	3
	1
	1.4
	89.177

	2CF8
	ESH
	H
	18
	5
	1.3
	89.106

	4KLX
	ETE
	A
	1
	1
	1.23
	323.71

	3G35
	F13
	A
	20
	4
	1.41
	71.996

	4BB9
	F1P
	A
	11
	5
	1.47
	4.704

	4HT3
	F9F
	A
	10
	3
	1.3
	6.191

	3PCW
	FBF
	A
	3
	1
	1.25
	69.505

	4LWE
	FJ2
	A
	16
	5
	1.5
	78.971

	3M1X
	FLC
	A
	7
	2
	1.2
	75.095

	3VGN
	FNN
	A
	0
	0
	1.3
	30.733

	3SSJ
	FNU
	A
	7
	5
	1.4
	37.337

	4U21
	FWD
	A
	4
	3
	1.39
	0

	4U21
	FWF
	B
	16
	0
	1.39
	26.144

	2CLK
	G3H
	A
	4
	2
	1.5
	1.055

	1X9I
	G6Q
	A
	10
	4
	1.16
	10.14

	5DUF
	G7A
	A
	19
	3
	1.5
	125.274

	3KI0
	G9D
	A
	24
	3
	1.29
	141.907

	3KI2
	G9G
	A
	22
	3
	1.28
	128.57

	3KI3
	G9H
	A
	13
	2
	1.27
	142.579

	3KI7
	G9I
	A
	11
	2
	1.32
	190.363

	4GEK
	GEK
	A
	11
	5
	1.5
	16.274

	4Y4G
	GGB
	A
	9
	1
	1.44
	69.094

	2HB3
	GRL
	B
	15
	1
	1.35
	53.898

	3EIN
	GSH
	A
	16
	5
	1.13
	148.966

	2YCD
	GTB
	A
	18
	3
	1.4
	197.676

	1K3L
	GTX
	A
	21
	4
	1.5
	94.629

	1ZHX
	HC3
	A
	11
	3
	1.5
	27.575

	4OHA
	HFT
	A
	5
	2
	1.42
	0

	4ATT
	HNV
	A
	10
	1
	1.25
	180.495

	4J7D
	I31
	A
	9
	2
	1.25
	240.224

	4DRK
	I63
	A
	23
	3
	1.5
	316.037

	1QOP
	IPL
	A
	4
	2
	1.4
	0.447

	3TG2
	ISC
	A
	6
	4
	1.1
	2.433

	3IMT
	IW3
	A
	2
	0
	1.4
	222.702

	3WZ8
	IXV
	A
	19
	2
	1.45
	118.184

	1KZK
	JE2
	A
	15
	1
	1.09
	39.297

	3PVG
	K68
	A
	7
	1
	1.5
	41.523

	4ABB
	K9S
	A
	5
	2
	1.25
	39.994

	4B78
	KGG
	A
	15
	1
	1.5
	141.087

	5A7B
	KMN
	A
	13
	1
	1.4
	254.412

	3VHV
	LD1
	A
	1
	1
	1.35
	0

	4DJP
	M73
	A
	13
	1
	1.4
	51.615

	4DJQ
	M86
	A
	16
	2
	1.4
	84.991

	3B0T
	MCZ
	A
	2
	0
	1.3
	1.537

	4AW0
	MJF
	A
	4
	1
	1.43
	105.747

	3F9M
	MRK
	A
	6
	0
	1.5
	36.902

	3FVG
	MS8
	A
	7
	2
	1.5
	2.145

	2YC3
	MW5
	A
	2
	1
	1.4
	2.015

	4P5E
	N6P
	A
	7
	3
	1.35
	126.502

	5F3M
	NEU
	A
	2
	2
	1.5
	127.132

	5A5S
	NP8
	A
	15
	3
	1.36
	158.425

	3H6W
	NS7
	A
	9
	2
	1.49
	233.092

	3IX3
	OHN
	A
	5
	1
	1.4
	1.025

	4AGP
	P51
	A
	11
	1
	1.5
	261.089

	4AGO
	P74
	A
	13
	1
	1.45
	309.023

	2VUK
	P83
	B
	1
	0
	1.5
	81.171

	4AGQ
	P96
	A
	15
	0
	1.42
	270.543

	3MI2
	PFU
	A
	10
	5
	1.2
	5.469

	3AI0
	PNW
	A
	10
	2
	1.4
	46.25

	1Z53
	PP9
	A
	13
	4
	1.13
	24.816

	4E2V
	PRF
	A
	8
	4
	1.18
	7.605

	3OGV
	PTQ
	A
	7
	0
	1.4
	79.811

	4KAL
	Q3C
	A
	3
	0
	1.5
	91.561

	3ZME
	QC5
	A
	9
	1
	1.35
	91.748

	5AUW
	QUE
	A
	5
	0
	1.5
	23.743

	5AL0
	R3S
	A
	6
	2
	1.39
	225.712

	2XC3
	RT8
	A
	11
	4
	1.5
	33.387

	4R75
	S7P
	A
	7
	4
	1.28
	3.165

	4OY3
	SAH
	A
	13
	5
	1.2
	94.419

	2QP8
	SC7
	A
	18
	1
	1.5
	168.904

	2R3F
	SC8
	A
	16
	3
	1.5
	38.907

	2R3I
	SCF
	A
	13
	1
	1.28
	79.042

	3CBP
	SFG
	A
	11
	5
	1.42
	94.67

	2IYX
	SKM
	A
	17
	5
	1.49
	27.813

	1TKG
	SSA
	A
	8
	3
	1.5
	103.683

	4WBK
	STE
	A
	9
	2
	1.37
	19.057

	4D7B
	TCW
	A
	6
	2
	1.15
	196.218

	3VTC
	TK3
	A
	5
	0
	1.5
	5.313

	4C72
	TLG
	A
	10
	2
	1.5
	12.707

	1OI6
	TMP
	A
	16
	5
	1.4
	159.631

	4KM2
	TOP
	A
	10
	2
	1.4
	74.284

	4B2L
	TR7
	A
	2
	0
	1.5
	106.928

	2JG0
	TTZ
	A
	4
	1
	1.5
	0.512

	1O0M
	U2P
	A
	13
	4
	1.5
	145.178

	1O0N
	U3P
	A
	15
	5
	1.5
	183.198

	3EWY
	U5P
	A
	9
	3
	1.1
	64.555

	1R5L
	VIV
	A
	4
	2
	1.5
	3.079

	3WFG
	WFG
	A
	2
	1
	1.4
	1.824

	4N1S
	WM4
	A
	16
	2
	1.47
	66.599

	4GCJ
	X64
	A
	12
	2
	1.42
	68.741

	5AOJ
	Y0V
	A
	4
	0
	1.47
	70.043

	4V2Z
	Y70
	A
	2
	0
	1.45
	107.199

	2YEX
	YEX
	A
	13
	1
	1.3
	66.845

	2YK9
	YK9
	A
	11
	3
	1.32
	30.993

	3LFF
	Z83
	A
	7
	3
	1.5
	43.788





Chapter 3 Protocol Captures

Description of files in published protocol captures. 
# Supplementary Materials for "PlaceWaters: real-time, explicit interface water sampling during Rosetta ligand docking"
### In prep_input_files/
* dataset\_selection.sh
        Protocol for filtering Platinum dataset for protein-ligand complexes to be used in final benchmark set.
* final\_test\_set.txt
        List of protein-ligand complexes used in tests (n=219).
        Columns contain PDB ID, Ligand ID, Chain, Number of local waters, number of bridging waters, Resolution (Angstroms), Ligand SASA. Each of these values were calculated using the dataset_selection.sh scripts provided.
        This script calls get\_native\_waters.py, get\_resolutions.py, get\_sasa.xml scripts that are used.
* prep\_inputfiles.sh
        Run using bash prep_inputfiles.sh final_test_set.txt
        Preps input files (protein structure, ligand file, ligand conformer generation, Rosetta-readable parameters file)
### In saturation_test/
* saturation\_test.sh
        This script runs provided saturation_test.xml with saturation\_test.flags
        This also performs the analysis that we used by running rmsd\_check.py as provided here.
### In docking_tests/
This contains directories with scripts and necessary files to run each of the benchmark tests shown in this manuscript. RosettaLigand = rl, RosettaLigand with PlaceWaters = rl\_pw, protein-centric, and ligand-centric. There is also a low-res directory that we ran before rl and rl_pw in order to directly compare the effect of the PlaceWaters step.
In rl_pw, we run placewaters.sh first then hires.sh.
### In provided_protocol/
Here we provide the full XML and script to run PlaceWaters within a ligand docking run. Inputs were prepped based on protocol in prep\_input\_files/. This contains low-resolution sampling, PlaceWaters, high-resolution sampling, final minimization and scoring steps embedded into one protocol. A HOH.params file that needs to be called in the XML is provided, as well.
We use the example PDB 3K97, a HSP90 N-TERMINAL DOMAIN IN COMPLEX WITH 4-CHLORO-6-{[(2R)-2-(2-METHYLPHENYL)PYRROLIDIN-1-YL]CARBONYL}BENZENE-1,3-DIOL. Running dock\_with\_placewaters.sh generates the input files and runs the full protocol. This also provides the bridging and local water coordinates.


Saturation protocol using PlaceWaters

#!/bin/bash

## Run from this directory
## This runs PW mover with default cutoffs and NO -optimize_waters option set. 

here=`pwd`
scripts_dir="$here/../"
indir="${scripts_dir}/../../input_files/docking_tests/"
input_file=$1

echo "PDB LIGAND CHAIN N_LOCALWATS N_BWATS RES SASA bw1 bw2 bw3 bw5 lw1 lw2 lw3 lw5 n1 n2 n3 n5" > $here/results_saturation_test_${input_file}.csv

cat $input_file | while read pdb lig chain n_localwats n_bwats res sasa rest ; do 
	outdir="${scripts_dir}/../../output_files/${pdb}_saturation_test/"
	prefix="${pdb}_${chain}_${lig}"
    	mkdir -p ${outdir}
    	echo $pdb $lig

    	/hd0/smithst/rosetta_git/source/bin/rosetta_scripts.linuxgccrelease \
        @ ${scripts_dir}/saturation_test.flags \
        -parser:protocol ${scripts_dir}/saturation_test.xml \
	-s "$indir/${prefix}.native.pdb" \
	-in:file:native "$indir/${prefix}.native.pdb ${scripts_dir}/../../input_files/dataset_selection_files/${pdb}_${chain}_bridgingwaters.pdb" \
	-extra_res_fa $indir/${prefix}.params \
        -out:path:all ${outdir} \
        -nstruct 1 \
	-overwrite > ${outdir}/placewaters.log

	mv 1.emptyspaces_coords.csv 2.clusters_coords.csv 3.merged_coords.csv  ${outdir}

	## Get coords
	cd ${outdir}
	## Getting final coords from logfile
	touch 5.final_coords.csv
	egrep "Adding water" placewaters.log | awk '{print $5,$6,$7}' > 5.final_coords.csv

	## Getting native water coords from input file
	awk  'NF != 1' ${scripts_dir}/../../input_files/dataset_selection_files/${pdb}_${chain}_bridgingwaters.pdb |  awk '{ print substr($0, 31,8) "," substr($0, 39,8) "," substr($0,47,8) }' > 0.native_bridgingwater_coords.csv
	awk  'NF != 1' ${scripts_dir}/../../input_files/dataset_selection_files/${pdb}_${chain}_localwaters.pdb |  awk '{ print substr($0, 31,8) "," substr($0, 39,8) "," substr($0,47,8) }' > 0.native_localwater_coords.csv
	cd $here/

	bw1=`python ${scripts_dir}/rmsd_check.py ${outdir}/0.native_bridgingwater_coords.csv ${outdir}/1.emptyspaces_coords.csv 2.0 | awk '{print $NF}'`
	bw2=`python ${scripts_dir}/rmsd_check.py ${outdir}/0.native_bridgingwater_coords.csv ${outdir}/2.clusters_coords.csv 2.0 | awk '{print $NF}'`
	bw3=`python ${scripts_dir}/rmsd_check.py ${outdir}/0.native_bridgingwater_coords.csv ${outdir}/3.merged_coords.csv 2.0 | awk '{print $NF}'`
	bw5=`python ${scripts_dir}/rmsd_check.py ${outdir}/0.native_bridgingwater_coords.csv ${outdir}/5.final_coords.csv 2.0 | awk '{print $NF}'`
	
        lw1=`python ${scripts_dir}/rmsd_check.py ${outdir}/0.native_localwater_coords.csv ${outdir}/1.emptyspaces_coords.csv 2.0 | awk '{print $NF}'`
        lw2=`python ${scripts_dir}/rmsd_check.py ${outdir}/0.native_localwater_coords.csv ${outdir}/2.clusters_coords.csv 2.0 | awk '{print $NF}'`
        lw3=`python ${scripts_dir}/rmsd_check.py ${outdir}/0.native_localwater_coords.csv ${outdir}/3.merged_coords.csv 2.0 | awk '{print $NF}'`
        lw5=`python ${scripts_dir}/rmsd_check.py ${outdir}/0.native_localwater_coords.csv ${outdir}/5.final_coords.csv 2.0 | awk '{print $NF}'`

	n1=`wc -l ${outdir}/1.emptyspaces_coords.csv | awk '{print $1}'`
	n2=`wc -l ${outdir}/2.clusters_coords.csv | awk '{print $1}'`
	n3=`wc -l ${outdir}/3.merged_coords.csv | awk '{print $1}'`
	n5=`wc -l ${outdir}/5.final_coords.csv | awk '{print $1}'`
	echo $pdb $lig $chain $n_localwats $n_bwats $res $sasa $bw1 $bw2 $bw3 $bw5 $lw1 $lw2 $lw3 $lw5 $n1 $n2 $n3 $n5  >> $here/results_saturation_test_${input_file}.csv
done
































	bw1=`python ${scripts_dir}/rmsd_check.py ${outdir}/0.native_bridgingwater_coords.csv ${outdir}/1.emptyspaces_coords.csv 2.0 | awk '{print $NF}'`
	bw2=`python ${scripts_dir}/rmsd_check.py ${outdir}/0.native_bridgingwater_coords.csv ${outdir}/2.clusters_coords.csv 2.0 | awk '{print $NF}'`
	bw3=`python ${scripts_dir}/rmsd_check.py ${outdir}/0.native_bridgingwater_coords.csv ${outdir}/3.merged_coords.csv 2.0 | awk '{print $NF}'`
	bw5=`python ${scripts_dir}/rmsd_check.py ${outdir}/0.native_bridgingwater_coords.csv ${outdir}/5.final_coords.csv 2.0 | awk '{print $NF}'`
	
        lw1=`python ${scripts_dir}/rmsd_check.py ${outdir}/0.native_localwater_coords.csv ${outdir}/1.emptyspaces_coords.csv 2.0 | awk '{print $NF}'`
        lw2=`python ${scripts_dir}/rmsd_check.py ${outdir}/0.native_localwater_coords.csv ${outdir}/2.clusters_coords.csv 2.0 | awk '{print $NF}'`
        lw3=`python ${scripts_dir}/rmsd_check.py ${outdir}/0.native_localwater_coords.csv ${outdir}/3.merged_coords.csv 2.0 | awk '{print $NF}'`
        lw5=`python ${scripts_dir}/rmsd_check.py ${outdir}/0.native_localwater_coords.csv ${outdir}/5.final_coords.csv 2.0 | awk '{print $NF}'`

	n1=`wc -l ${outdir}/1.emptyspaces_coords.csv | awk '{print $1}'`
	n2=`wc -l ${outdir}/2.clusters_coords.csv | awk '{print $1}'`
	n3=`wc -l ${outdir}/3.merged_coords.csv | awk '{print $1}'`
	n5=`wc -l ${outdir}/5.final_coords.csv | awk '{print $1}'`
	echo $pdb $lig $chain $n_localwats $n_bwats $res $sasa $bw1 $bw2 $bw3 $bw5 $lw1 $lw2 $lw3 $lw5 $n1 $n2 $n3 $n5  >> $here/results_saturation_test_${input_file}.csv
done

















saturation_test.flags
saturation_test.xml -mistakes
    -restore_pre_talaris_2013_behavior true
-overwrite
-mute core.io;
-parser:script_vars res=0.15 cutoff=1.5 group=3.75 merge=3.0 nho=5.0 nhi=1.5
-nstruct 1
-out:pdb_gz

<ROSETTASCRIPTS>
    <SCOREFXNS>
        <ScoreFunction name="hard_rep" weights="ligand">
            <Reweight scoretype="fa_intra_rep" weight="0.004"/>
            <Reweight scoretype="fa_elec" weight="0.42"/>
            <Reweight scoretype="hbond_bb_sc" weight="1.3"/>
            <Reweight scoretype="hbond_sc" weight="1.3"/>
            <Reweight scoretype="rama" weight="0.2"/>
	</ScoreFunction>
    </SCOREFXNS>
    <SCORINGGRIDS ligand_chain="X" width="30.0">
        <ClassicGrid grid_name="vdw" weight="1.0"/>
    </SCORINGGRIDS>
    
    <RESIDUE_SELECTORS>
    </RESIDUE_SELECTORS>

    <TASKOPERATIONS>
    </TASKOPERATIONS>

    <MOVERS>
	<PlaceWaters name="place_waters" ligand_chain="X" water_chain="W" resolution="%%res%%" cutoff="%%cutoff%%" group_cutoff="%%group%%" merge_cutoff="%%merge%%" hbonds_inner="%%nhi%%" hbonds_outer="%%nho%%" water="../HOH.params"/>	
	<InterfaceScoreCalculator name="add_scores" chains="X" scorefxn="hard_rep" compute_grid_scores="0"/>    
</MOVERS>
    <PROTOCOLS>
	<Add mover_name="place_waters"/>
	<Add mover_name="add_scores"/>
    </PROTOCOLS>

</ROSETTASCRIPTS>




    <PROTOCOLS>
	<Add mover_name="place_waters"/>
	<Add mover_name="add_scores"/>
    </PROTOCOLS>

</ROSETTASCRIPTS>

Docking protocol using PlaceWaters

#!/bin/bash

here=`pwd`
cat $here/../../../input_STS/test_set.STS.txt | awk -v line=$SLURM_ARRAY_TASK_ID 'NR==line' | while read pdb lig rest ; do
	bash $here/placewaters.sh $pdb $lig
	bash $here/hires.sh $pdb $lig
done

placewaters.sh
## Note that this needs to be run first before running hires.sh in this protocol

here=`pwd`
pdb=$1
lig=$2
chain=$3

indir="$here/../../lowres/output_files/${pdb}/"
outdir="$here/../output_files/placewaters/${pdb}/"
mkdir -p ${outdir}/
echo $pdb $lig

for f in `ls $indir/*.pdb.gz`; do
	/net/phosphorus/hd0/smithst/rosetta_git/source/bin/rosetta_scripts.linuxgccrelease \
       	@ $here/placewaters.flags \
       	-parser:protocol $here/placewaters.xml \
	-s "${f}" \
	-in:file:native "$here/../../../input_files/docking_tests/${pdb}_${chain}.pdb $here/../../../input_files/docking_tests/${lig}.native.renamed.pdb" \
       	-extra_res_fa $here/../../../input_files/docking_tests/${lig}.params \
       	-out:path:all ${outdir} 
done




placewaters.flags-mistakes
    -restore_pre_talaris_2013_behavior true
-overwrite
-mute core.io;
-parser:script_vars res=0.15 cutoff=1.5 group=3.75 merge=3.0 nho=5.0 nhi=1.5
-nstruct 1
-out:pdb_gz


placewaters.xml

<ROSETTASCRIPTS>
    <SCOREFXNS>
        <ScoreFunction name="hard_rep" weights="ligand">
            <Reweight scoretype="fa_intra_rep" weight="0.004"/>
            <Reweight scoretype="fa_elec" weight="0.42"/>
            <Reweight scoretype="hbond_bb_sc" weight="1.3"/>
            <Reweight scoretype="hbond_sc" weight="1.3"/>
            <Reweight scoretype="rama" weight="0.2"/>
        </ScoreFunction>
    </SCOREFXNS>
    <SCORINGGRIDS ligand_chain="X" width="30.0">
        <ClassicGrid grid_name="vdw" weight="1.0"/>
    </SCORINGGRIDS>
    <TASKOPERATIONS>
    </TASKOPERATIONS>

    <MOVERS>
        <PlaceWaters name="place_waters" ligand_chain="X" water_chain="W" resolution="%%res%%" cutoff="%%cutoff%%" group_cutoff="%%group%%" merge_cutoff="%%merge%%" hbonds_inner="%%nhi%%" hbonds_outer="%%nho%%" water="HOH.params"/>
	<InterfaceScoreCalculator name="add_scores" chains="X" scorefxn="hard_rep" compute_grid_scores="0"/>    
</MOVERS>
    <PROTOCOLS>
        <Add mover_name="place_waters"/>
	<Add mover_name="add_scores"/>
    </PROTOCOLS>

</ROSETTASCRIPTS>

hires.sh#!/bin/bash
here=`pwd`

pdb=$1
lig=$2
chain=$3
indir="$here/../output_files/placewaters/${pdb}/"
outdir="$here/../output_files/hires/${pdb}/"
mkdir -p $outdir

for f in `ls $indir/*.pdb.gz` ; do
    	echo $f
    	/net/phosphorus/hd0/smithst/rosetta_git/source/bin/rosetta_scripts.linuxgccrelease \
	@ $here/hires.flags \
	-in:ignore_waters false \
	-in:file:s ${f} \
	-in:file:native "$here/../../../input_files/docking_tests/${pdb}_${chain}.pdb $here/../../../input_files/docking_tests/${lig}.native.renamed.pdb" \
       	-extra_res_fa $here/../../../input_files/docking_tests/${lig}.params \
	-parser:protocol $here/hires.xml \
	-out:path:all $outdir \
	-nstruct 1 
done

cd $indir/
tar -czf placewaters_outputs.tar.gz *.pdb.gz --remove-files
cd $here/

cd $outdir
tar -czf hires_outputs.tar.gz *.pdb.gz --remove-files
cd $here/





hires.flags
-mistakes
    -restore_pre_talaris_2013_behavior true
-overwrite
-mute core.io;
-nstruct 1
-out:pdb_gz

hires.xml
<ROSETTASCRIPTS>
        <SCOREFXNS>
                <ScoreFunction name="ligand_soft_rep" weights="ligand_soft_rep">
                        <Reweight scoretype="fa_elec" weight="0.42"/>
                        <Reweight scoretype="hbond_bb_sc" weight="1.3"/>
                        <Reweight scoretype="hbond_sc" weight="1.3"/>
                        <Reweight scoretype="rama" weight="0.2"/>
                </ScoreFunction>
                <ScoreFunction name="hard_rep" weights="ligand">
                        <Reweight scoretype="fa_intra_rep" weight="0.004"/>
                        <Reweight scoretype="fa_elec" weight="0.42"/>
                        <Reweight scoretype="hbond_bb_sc" weight="1.3"/>
                        <Reweight scoretype="hbond_sc" weight="1.3"/>
                        <Reweight scoretype="rama" weight="0.2"/>
                </ScoreFunction>
        </SCOREFXNS>
        <LIGAND_AREAS>
                <LigandArea name="inhibitor_dock_sc" chain="X" cutoff="6.0" add_nbr_radius="true" all_atom_mode="true"/>
                <LigandArea name="water_dock_sc" chain="W" cutoff="2.0" add_nbr_radius="true" all_atom_mode="true"/>
                <LigandArea name="inhibitor_final_sc" chain="X" cutoff="6.0" add_nbr_radius="true" all_atom_mode="true"/>
                <LigandArea name="water_final_sc" chain="W" cutoff="2.0" add_nbr_radius="true" all_atom_mode="true"/>
                <LigandArea name="inhibitor_final_bb" chain="X" cutoff="7.0" add_nbr_radius="false" all_atom_mode="true" Calpha_restraints="0.3"/>
                <LigandArea name="water_final_bb" chain="W" cutoff="2.5" add_nbr_radius="false" all_atom_mode="true" Calpha_restraints="0.3"/>
        </LIGAND_AREAS>
        <INTERFACE_BUILDERS>
                <InterfaceBuilder name="side_chain_for_docking" ligand_areas="inhibitor_dock_sc,water_dock_sc"/>
                <InterfaceBuilder name="side_chain_for_final" ligand_areas="inhibitor_final_sc,water_final_sc"/>
                <InterfaceBuilder name="backbone" ligand_areas="inhibitor_final_bb,water_final_bb" extension_window="3"/>
        </INTERFACE_BUILDERS>
        <MOVEMAP_BUILDERS>
                <MoveMapBuilder name="docking" sc_interface="side_chain_for_docking" minimize_water="true"/>
                <MoveMapBuilder name="final" sc_interface="side_chain_for_final" bb_interface="backbone" minimize_water="true"/>
        </MOVEMAP_BUILDERS>
        <MOVERS>
                <HighResDocker name="high_res_docker" cycles="6" repack_every_Nth="3" scorefxn="ligand_soft_rep" movemap_builder="docking"/>
                <FinalMinimizer name="final" scorefxn="hard_rep" movemap_builder="final"/>
                <InterfaceScoreCalculator name="add_scores" chains="X" scorefxn="hard_rep"/>
        </MOVERS>
        <PROTOCOLS>
                <Add mover_name="high_res_docker"/>
                <Add mover_name="final"/>
                <Add mover_name="add_scores"/>
        </PROTOCOLS>
</ROSETTASCRIPTS>

ligand_areas="inhibitor_final_sc,water_final_sc"/>
                <InterfaceBuilder name="backbone" ligand_areas="inhibitor_final_bb,water_final_bb" extension_window="3"/>
        </INTERFACE_BUILDERS>
        <MOVEMAP_BUILDERS>
                <MoveMapBuilder name="docking" sc_interface="side_chain_for_docking" minimize_water="true"/>
                <MoveMapBuilder name="final" sc_interface="side_chain_for_final" bb_interface="backbone" minimize_water="true"/>
        </MOVEMAP_BUILDERS>
        <MOVERS>
                <HighResDocker name="high_res_docker" cycles="6" repack_every_Nth="3" scorefxn="ligand_soft_rep" movemap_builder="docking"/>
                <FinalMinimizer name="final" scorefxn="hard_rep" movemap_builder="final"/>
                <InterfaceScoreCalculator name="add_scores" chains="X" scorefxn="hard_rep"/>
        </MOVERS>
        <PROTOCOLS>
                <Add mover_name="high_res_docker"/>
                <Add mover_name="final"/>
                <Add mover_name="add_scores"/>
        </PROTOCOLS>
</ROSETTASCRIPTS>
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Methods
Chemical synthesis and purification
All reactions were carried out employing standard chemical techniques under inert atmosphere. Solvents used for extraction, washing, and chromatography were HPLC grade. All reagents were purchased from commercial sources and were used without further purification. Analytical HPLC was performed on an Agilent 1200 LCMS with UV detection at 215 nm and 254 nm along with ELSD detection and electrospray ionization, with all final compounds showing ≥ 95% purity and a parent mass ion consistent with the desired structure. All NMR spectra were recorded on a 400 MHz Brüker AV-400 instrument. 1H chemical shifts are reported as δ values in ppm relative to the residual solvent peak (MeOD = 3.31, CDCl3 = 7.26). Data are reported as follows: chemical shift, multiplicity (br = broad, s = singlet, d = doublet, t = triplet, q = quartet, m = multiplet), coupling constant (Hz), and integration. 13C chemical shifts are reported as δ values in ppm relative to the residual solvent peak (MeOD = 49.0, CDCl3 = 77.16). When visible, minor rotamer peaks are denoted with an * in 1H-NMR spectra. Low resolution mass spectra were obtained on an Agilent 1200 LCMS with electrospray ionization, with a gradient of 5-95% MeCN in 0.1% TFA water solution over 1.5 min. High resolution mass spectra were obtained on an Agilent 6540 UHD Q-TOF with ESI source. Automated flash column chromatography was performed on an Isolera One by Biotage. Preparative purification of library compounds was performed on a Gilson 215 preparative LC system. Optical rotations were acquired on a Jasco P-2000 polarimeter at 23°C and 589 nm. The specific rotations were calculated according to the equation [α] 23/D = (100∝)/(l x c) where l is path length in decimeters and c is the concentration in g/100 mL. For full experimental procedures, please see the Supporting Information.



Blood Collection and Platelet Isolation

Human platelets were obtained from healthy volunteers. The studies were approved by the Vanderbilt University Internal Review Board. Informed consent was obtained from all individuals prior to the blood draw. Blood was collected into sodium citrate anticoagulant (final concentration, 0.32%) through a 19-gauge needle. Blood was centrifuged at 1100 rpm for 15 min at room temperature (Thermo Forma 400 ML GP, Aerocarrier rotor 236). The platelet-rich plasma layer was isolated and treated with acid citrate dextrose (0.25% citrate, 0.15% citric acid, and 0.2% glucose final concentrations) for 10 min. The platelets were then pelleted by centrifugation at 2400 rpm and washed with Tyrode’s buffer (15 mM HEPES, 0.33 mM NaH2PO4 (pH 7.4), 138 mM NaCl, 2.7 mM KCl, 1 mM MgCl2, 5.5 mM dextrose, and 0.1% BSA). The platelets were counted on a Coulter Counter and diluted with Tyrode’s buffer to the indicated concentration.

Flow Cytometry
Washed platelets were diluted to 1.5 × 107 platelets/mL with Tyrode’s buffer. The platelets were pre-incubated with the compound or vehicle control and a combination of PE-conjugated CD62p and FITC-conjugated PAC-1 (Becton Dickinson, Franklin Lakes, NJ) for 20 min. The reaction was stimulated with agonist for 10 min and then fixed with 1% paraformaldehyde (final concentration) for 20 min. PAR4-AP (AYPGKF) was from GL Biochem (Shanghai, China). γ-Thrombin was from Enzyme Research Laboratories (South bend, IN). γ-Thrombin was treated for 20 min with 1 unit/mL hirudin (Sigma-Aldrich, St. Louis, MO) to sequester residual α-thrombin within the preparation. The samples were analyzed on a BD LSR II. Compensation controls for dual color labeling (PE and FITC) were run each day of data collection. Data were analyzed using FlowJo (Ashland, OR). Mean fluorescence intensity (MFI) was determined by taking the geometric mean of the 20,000 fluorescence recordings within the platelet gate (forward versus side-scatter plot). MFI was normalized to internal vehicle-treated control samples. Concentration–response curves were generated by nonlinear regression analysis in Prism (La Jolla, CA). IC50 values with SEM were also calculated with Prism.



Schild Analysis Competition Binding Assay
Schild analysis and identification of competitive PAR4 antagonists were performed. Progressive fold-shift experiments and accompanying Schild analysis with VU were also performed. Platelet activation was monitored by PAC-1 binding. The platelets were pretreated with increasing concentrations of each antagonist for 20 min prior to activation with increasing concentrations of PAR4-AP. Each curve was constructed from at least three independent experiments. DRs were calculated from the EC50’s of each individual experiment (vehicleEC50/VU#EC50) and plotted against the administered concentration of antagonist.

Drug Metabolism Methods: In Vitro
For plasma protein binding, the protein binding of each compound was determined in plasma via equilibrium dialysis employing RED Plates (Thermo Fisher Scientific, Rochester, NY). Plasma was added to the 96-well plate containing test compound and mixed thoroughly for a final concentration of 5 μM. Subsequently, an aliquot of the plasma–compound mixture was transferred to the cis chamber (red) of the RED plate, with a phosphate buffer (25 mM, pH 7.4) in the trans chamber. The RED plate was sealed and incubated for 4 h at 37 °C with shaking. At completion, aliquots from each chamber were diluted 1:1 with either plasma (cis) or buffer (trans) and transferred to a new 96-well plate, at which time ice-cold acetonitrile containing an internal standard (50 ng/mL carbamazepine) (2 volumes) was added to extract the matrices. The plate was centrifuged (3000 rcf, 10 min) and supernatants were transferred and diluted 1:1 (supernatant:water) into a new 96-well plate, which was then sealed in preparation for LC/MS/MS analysis. Each compound was assayed in triplicate within the same 96-well plate. For intrinsic clearance, human or rat hepatic microsomes (0.5 mg/mL) and 1 μM test compound were incubated in 100 mM potassium phosphate pH 7.4 buffer with 3 mM MgCl2 at 37 °C with constant shaking. After a 5 min pre-incubation, the reaction was initiated by addition of NADPH (1 mM). At selected time intervals (0, 3, 7, 15, 25, and 45 min), aliquots were taken and subsequently placed into a 96-well plate containing cold acetonitrile with an internal standard (50 ng/mL carbamazepine). The plates were then centrifuged at 3000 rcf (4 °C) for 10 min, and the supernatant was transferred to a separate 96-well plate and diluted 1:1 with water for LC/MS/MS analysis. The in vitro half-life (T1/2, min, eq 1), intrinsic clearance (CLint, mL/min/kg, eq 2), and subsequent predicted hepatic clearance (CLhep, mL/min/kg, eq 3) were determined employing the following equations:
	(1)
where k represents the slope from the linear regression analysis of the natural log percent remaining of test compound as a function of the incubation time.
	(2)
where the value with superscript a is a scale-up factor that is species-specific.
	(3)
where Qh (hepatic blood flow) is species-specific.

LC/MS/MS Bioanalysis of Samples from Plasma Binding and Intrinsic Clearance Assays
Samples were analyzed on a Thermo Electron TSQ Quantum Ultra triple quad mass spectrometer (San Jose, CA) via electrospray ionization (ESI) with two Thermo Electron Accela pumps (San Jose, CA), and a Leap Technologies CTC PAL autosampler (Carrboro, NC). The analytes were separated by gradient elution on a dual column system with two Thermo Hypersil Gold (2.1 × 30 mm, 1.9 μm) columns (San Jose, CA) thermostated at 40 °C. HPLC mobile phase A was 0.1% formic acid in water, and mobile phase B was 0.1% formic acid in acetonitrile. The gradient started at 10% B after a 0.2 min hold and was linearly increased to 95% B over 0.8 min, held at 95% B for 0.2 min, and returned to 10% B in 0.1 min. The total run time was 1.3 min, and the HPLC flow rate was 0.8 mL/min. While pump 1 ran the gradient method, pump 2 equilibrated the alternate column isocratically at 10% B. Compound optimization, data collection, and processing were performed using Thermo Electron’s QuickQuan software (v2.3) and Xcalibur (v2.0.7 SP1).

Rat Plasma:Brain Level Studies
Male Sprague–Dawley rats (n = 2) weighing around 300 g were purchased from Harlan Laboratories (Indianapolis, IN) and implanted with catheters in the carotid artery and jugular vein. The cannulated animals were acclimated to their surroundings for approximately 1 week before dosing and provided food and water ad libitum. IV cassette PK experiments in rats were carried out according to methods described previously (Bridges et al. Pharmacol. Res. Perspect. 2014; reference 49). Briefly, a cassette of compounds (n = 4–5/cassette) was formulated from 10 mM solutions of compounds in DMSO. To reduce the absolute volume of DMSO that was administered, the compounds were combined and diluted with ethanol and PEG 400 to achieve a final concentration of 0.4–0.5 mg/mL for each compound (2 mg/mL total) administered in each cassette. The final dosing solutions consisted of approximately 10% ethanol, 40% PEG400, and 50% DMSO (v/v). Each cassette dose was administered IV via the jugular vein to two dual-cannulated (carotid artery and jugular vein) adult male Sprague–Dawley rats, each weighing between 250 and 350 g (Harlan, Indianapolis, IN) for a final dose of 0.2 mg/kg per compound. Whole blood collections via the carotid artery were performed at 0.033, 0.117, 0.25, 0.5, 1, 2, 4, 7, and 24 h post dose and plasma samples were prepared for bioanalysis. For tissue distribution studies in cassette format, brain dissection and blood collections via the carotid artery were performed at 0.25 h post dose. Blood samples were collected into chilled, EDTA-fortified tubes, and centrifuged for 10 min at 3000 rpm (4 °C), and the resulting plasma was aliquoted into 96-well plates for LC/MS/MS analysis. The brain samples were rinsed with PBS, snap-frozen, and stored at −80 °C. Prior to LC/MS/MS analysis, brain samples were thawed to room temperature and subjected to mechanical homogenation employing a Mini-Beadbeater and 1.0 mm zirconia/silica Beads (BioSpec Products).

Liquid Chromatography/Mass Spectrometry Analysis
PAR4 antagonists were analyzed via electrospray ionization (ESI) on an AB Sciex API-4000 (Foster City, CA) triple-quadrupole instrument that was coupled with Shimadzu LC-10 AD pumps (Columbia, MD) and a Leap Technologies CTC PAL autosampler (Carrboro, NC). Analytes were separated by gradient elution using a Fortis C18 2.1 × 50 mm, 3.5 μm column (Fortis Technologies Ltd., Cheshire, UK) thermostated at 40 °C. HPLC mobile phase A was 0.1% formic acid in water (pH unadjusted), and mobile phase B was 0.1% formic acid in acetonitrile (pH unadjusted). The gradient started at 30% B after a 0.2 min hold and was linearly increased to 90% B over 0.8 min, held at 90% B for 0.5 min, and returned to 30% B in 0.1 min followed by a re-equilibration (0.9 min). The total run time was 2.5 min, and the HPLC flow rate was 0.5 mL/min. The source temperature was set at 500 °C, and mass spectral analyses were performed using multiple reaction monitoring (MRM) utilizing a Turbo Ion Spray source in positive ionization mode (5.0 kV spray voltage). All data were analyzed using AB Sciex Analyst 1.4.2 software. For in vivo studies, the final PK parameters were calculated by noncompartmental analysis using Phoenix (version 6.2) (Pharsight Inc., Mountain View, CA).

Animal Care and Use
All animal study procedures were approved by the Institutional Animal Care and Use Committee and were conducted in accordance with the National Institutes of Health regulations of animal care covered in Principles of Laboratory Animal Care (National Institutes of Health). All animals were group-housed under a 12 h light/dark cycle with food and water available ad libitum. For behavioral studies, 8–10-week-old male C57Bl/6 mice were used.

Molecular Modeling
PAR4 structure preparation:
The PAR4 structure for modeling was generated using the RosettaCM comparative modeling protocol using experimentally-determined structures of PARs 1 and 2 (PDB ID: 3VW7 and 5NDD, respectively)[166]. Briefly, RosettaCM takes the user-defined aligned sequences from proteins with high sequence similarity to the PAR4 sequence, superimposes residues accordingly, then undergoes residue insertions using both PDB-derived fragments and provided templates, followed by Monte Carlo-based backbone and sidechain perturbations and optimized using energy-based minimization. Clustering of the final models was used to obtain an "ensemble-like" representation to be carried forward into docking studies.

Ligand preparation: 
Ligands were all prepared using the Biology and Chemistry Library (BCL)[124] for conformer generation and parameter files were created using the molfile_to_params.py script within Rosetta. 

Ligand docking:
We docked compounds into the protein models using the RosettaLigand protocol[115, 182]. This contains low-resolution sampling for initial pocket placement with coarse-grained sampling, high-resolution sampling of the ligand, protein sidechains and protein backbone based on Monte Carlo simulations with acceptance based on Metropolis criteria. This is followed by a final minimization to obtain a local minimum and report a final score for that protein-ligand conformation. All compounds were docked using the wider sampling strategy below (specifically the inclusion of the “Transform” mover, which is a low-resolution sampling step. Further inspection on specific binding mode of known compounds used an alignment of the query compound to the predicted pose, the low-resolution Transform sampling step was eliminated, and we performed only high-resolution sampling and final minimization.
Analysis of the output conformations from docking was performed by looking at the score variation across a number of poses from different starting structures, clustering of these outputs, and visual inspection using previous knowledge of known binders to PARs.
[bookmark: InitialDockingStudies-PAR4structureprepa]
RosettaCM, ligand preparation and docking were performed using the scripts provided below.
PAR4 structure preparation<path to Rosetta>/main/source/bin/rosetta_scripts.default.linuxgccrelease @ flags.txt


flags.txt# i/o
-in:file:fasta par4.fasta
-parser:protocol rosetta_cm.xml
-restore_talaris_behavior
 
#membrane
-in:file:spanfile par4.span
-membrane:no_interpolate_Mpair
-membrane:Menv_penalties
-rg_reweight 0.1
 
# relax options
-relax:minimize_bond_angles
-relax:minimize_bond_lengths
-relax:jump_move true
-default_max_cycles 200
-relax:min_type lbfgs_armijo_nonmonotone
-score:weights membrane_highres_Menv_smooth.wts
-use_bicubic_interpolation
-hybridize:stage1_probability 1.0
-sog_upper_bound 15
  
-linmem_ig 10

par4.fasta>PAR4
RALLLGWVPTRLVPALYGLVLVVGLPANGLALWVLATQAPRLPSTMLLMNLAAADLLLALALPPRIAYHLRGQRWPFGEAACRLATAALYGHMYGSVLLLAAVSLDRYLALVHPLRARALRGRRLALGLCMAAWLMAAALALPLTLQRQTFRLARSDRVLCHDALPLDAQASHWQPAFTCLALLGCFLPLLAMLLCYGATLHTLAASGRRYGHALRLTAVVLASAVAFFVPSNLLLLLHYSDPSPSAWGNLYGAYVPSLALSTLNSCVDPFIYYYVSAEFRDKVRAGLFQRSPGDTVASKAS



rosetta_cm.xml<ROSETTASCRIPTS>
    <TASKOPERATIONS>
    </TASKOPERATIONS>
    <SCOREFXNS>
        <ScoreFunction name="stage1" weights="stage1_membrane.wts" symmetric="0">
            <Reweight scoretype="atom_pair_constraint" weight="1"/>
        </ScoreFunction>
        <ScoreFunction name="stage2" weights="stage2_membrane.wts" symmetric="0">
            <Reweight scoretype="atom_pair_constraint" weight="0.5"/>
        </ScoreFunction>
        <ScoreFunction name="fullatom" weights="stage3_rlx_membrane.wts" symmetric="0">
            <Reweight scoretype="atom_pair_constraint" weight="0.5"/>
        </ScoreFunction>
        <ScoreFunction name="membrane" weights="membrane_highres_Menv_smooth" symmetric="0">
            <Reweight scoretype="cart_bonded" weight="0.5"/>
            <Reweight scoretype="pro_close" weight="0"/>
        </ScoreFunction>
    </SCOREFXNS>
    <FILTERS>
    </FILTERS>
    <MOVERS>
        <Hybridize name="hybridize" stage1_scorefxn="stage1" stage2_scorefxn="stage2" fa_scorefxn="fullatom" batch="1" stage1_increase_cycles="1.0" stage2_increase_cycles="1.0" linmin_only="1" realign_domains="0" disulf_file="disulf.txt" add_hetatm="1">
            <Template pdb="par4_threaded_5ndd.pdb" cst_file="NONE" weight="1.000"/>
            <Template pdb="par4_threaded_3vw7.pdb" cst_file="NONE" weight="1.000"/>
        </Hybridize>
        <ClearConstraintsMover name="clearconstraints"/>
    </MOVERS>
    <APPLY_TO_POSE>
    </APPLY_TO_POSE>
    <PROTOCOLS>
        <Add mover="hybridize"/>
        <Add mover="clearconstraints"/>
    </PROTOCOLS>
    <OUTPUT scorefxn="membrane"/>
</ROSETTASCRIPTS>




par4.spanTM region prediction for target.topo predicted using OCTOPUS
7 303
antiparallel
n2c
12 32 12 32
46 67 47 67
81 111 81 111
124 144 124 144
178 198 178 198
216 236 216 236
253 273 253 273

par4.disulfide82 161
82 161



converted_alignment.aln## par4_threaded_3vw7
#  
scores_from_program: 0
0 ----DSSRALLLGWVPTRLVPALYGLVLVVGLPANGLALWVLATQA-PRLPSTMLLMNLAAADLLLALALPPRIAYHLRGQRWPFGEAACRLATAALYGHMYGSVLLLAAVSLDRYLALVHPLRARALRGRRLALGLCMAAWLMAAALALPLTLQRQTFRLARSDRVLCHDALPLDAQASHWQPAFTCLALLGCFLPLLAMLLCYGATLHTLAASGR---RYGHALRLTAVVLASAVAFFVPSNLLLLLHYSDPSP-SAWGNLYGAYVPSLALSTLNSCVDPFIYYYVSAEF--------
0 -----DASGYLTSSWLTLFVPSVYTGVFVVSLPLNIMAIVVFILKMKVKKPAVVYMLHLATADVLFVSVLPFKISYYFSGSDWQFGSELCRFVTAAFYCNMYASILLMTVISIDRFLAVVYPMRTLG-RAS----FTCLAIWALAIAGVVPLLLKEQTIQVPGLGITTCHDVLSETLLEGYYAYYFSAFSAVFFFVPLIISTVCYVSIIRCLSSSAANRSKKSRALFLSAAVFCIFIICFGPTNVLLIAHYSFLSHTSTTEAAYFAYLLCVCVSSISCCIDPLIYYYASSEC--------
--
## par4_threaded_5ndd
#  
scores_from_program: 0
0 ----DSSRALLLGWVPTRLVPALYGLVLVVGLPANGLALWVLATQA-PRLPSTMLLMNLAAADLLLALALPPRIAYHLRGQRWPFGEAACRLATAALYGHMYGSVLLLAAVSLDRYLALVHPLRARALRGRRLALGLCMAAWLMAAALALPLTLQRQTFRLARSDRVLCHDALPLDAQASHWQPAFTCLALLGCFLPLLAMLLCYGATLHTLAASGR---RYGHALRLTAVVLASAVAFFVPSNLLLLLHYSDPSP-SAWGNLYGAYVPSLALSTLNSCVDPFIYYYVSAEF--------
0 FSVDEFSASVLTGKLTTVFLPIVYTIVFVVALPSNGMALWVFLFRTKKKAPAVIYMANLALADLLSVIWFPLKIAYHIHGNNWIYGEALCNVLIGFFYANMYCSILFLTCLSVQRAWEIVNPMGHSR-KKANIAIGISLAIWLLILLVTIPLYVVKQTIFIPALQITTCHDVLPEQLLVGDMFNYFLSLAIGVFLFPAFLTASAYVLMIRALENSEK---KRKRAIKLAVTVAAMYLICFTPSNLLLVVHYFLIKS-QGQSHVYALYIVALCLSTLNSCIDPFVYYFVSHDFRDHAKNAL


[bookmark: InitialDockingStudies-LigandPreparation]Ligand preparation# This script uses an SDF of each ligand as the initial input
 
# Sanity check using BCL
bcl.exe molecule:Filter -add_h -neutralize -defined_atom_types -3d -input_filenames ${NAME}_ligand.sdf -output_matched ${NAME}_ligand.CLEANED.sdf -output_unmatched ${NAME}_ligand.UNCLEANED.sdf -message_level Debug
 
# Generate conformers using BCL
bcl.exe molecule:ConformerGenerator -rotamer_library cod -top_models 100 -ensemble_filenames ${NAME}_ligand.CLEANED.sdf -conformers_single_file ${NAME}_ligand.CLEANED.conf.sdf -conformation_comparer 'Dihedral(method=Max)' 30 -max_iterations 1000;
  
# Generate parameters file 
python2.7 <path to Rosetta>/main/source/scripts/python/public/molfile_to_params.py -n ${NAME} -p ${NAME} --mm-as-virt --long-names --conformers-in-one-file ${NAME}_ligand.CLEANED.conf.sdf --chain X



[bookmark: InitialDockingStudies-LiganddockingintoP]Ligand docking protocol<path to Rosetta>/main/source/bin/rosetta_scripts.linuxgccrelease \
        @ flags.txt \
        -parser:protocol ligand_docking.xml \
        -s "model${N}.pdb ${LIG}.pdb " \
        -extra_res_fa ${LIG}.params \
        -out:file:silent model${N}_${LIG}.out \
        -out:file:scorefile model${N}_${LIG}.sc \


flags.txt
-nstruct 200
-ex1
-ex2
-ignore_zero_occupancy
-overwrite

-mistakes:restore_pre_talaris_2013_behavior
-score:analytic_etable_evaluation true






ligand_docking.xml
<ROSETTASCRIPTS>
    <SCOREFXNS>
        <ScoreFunction name="ligand_soft_rep" weights="ligand_soft_rep">
            <Reweight scoretype="fa_elec" weight="0.42"/>
            <Reweight scoretype="hbond_bb_sc" weight="1.3"/>
            <Reweight scoretype="hbond_sc" weight="1.3"/>
            <Reweight scoretype="rama" weight="0.2"/>
        </ScoreFunction>
    
        <ScoreFunction name="hard_rep" weights="ligand">
            <Reweight scoretype="fa_intra_rep" weight="0.004"/>
            <Reweight scoretype="fa_elec" weight="0.42"/>
            <Reweight scoretype="hbond_bb_sc" weight="1.3"/>
            <Reweight scoretype="hbond_sc" weight="1.3"/>
            <Reweight scoretype="rama" weight="0.2"/>
        </ScoreFunction>
    </SCOREFXNS>
    <LIGAND_AREAS>
        <LigandArea name="docking_sidechain" chain="X" cutoff="6.0" add_nbr_radius="true" all_atom_mode="true" minimize_ligand="10"/>
        <LigandArea name="final_sidechain" chain="X" cutoff="6.0" add_nbr_radius="true" all_atom_mode="true"/>
        <LigandArea name="final_backbone" chain="X" cutoff="7.0" add_nbr_radius="false" all_atom_mode="true" Calpha_restraints="0.3"/>
    </LIGAND_AREAS>
    <INTERFACE_BUILDERS>
        <InterfaceBuilder name="side_chain_for_docking" ligand_areas="docking_sidechain"/>
        <InterfaceBuilder name="side_chain_for_final" ligand_areas="final_sidechain"/>
        <InterfaceBuilder name="backbone" ligand_areas="final_backbone" extension_window="3"/>
    </INTERFACE_BUILDERS>
<MOVEMAP_BUILDERS>
        <MoveMapBuilder name="docking" sc_interface="side_chain_for_docking" minimize_water="true"/>
        <MoveMapBuilder name="final" sc_interface="side_chain_for_final" bb_interface="backbone" minimize_water="true"/>
    </MOVEMAP_BUILDERS>
    <SCORINGGRIDS ligand_chain="X" width="30.0">
        <ClassicGrid grid_name="vdw" weight="1.0"/>
    </SCORINGGRIDS>

	CONTINUE ON NEXT PAGE…

    <MOVERS>
        <Transform name="transform" chain="X" box_size="5.0" move_distance="0.1" angle="5.0" cycles="500" repeats="1" temperature="5" initial_perturb="3.0" />
        <HighResDocker name="high_res_docker" cycles="6" repack_every_Nth="3" scorefxn="ligand_soft_rep" movemap_builder="docking"/>
        <FinalMinimizer name="final" scorefxn="hard_rep" movemap_builder="final"/>
        <InterfaceScoreCalculator name="add_scores" chains="X" scorefxn="hard_rep" compute_grid_scores="0"/>
        <ParsedProtocol name="low_res_dock">
            <Add mover_name="transform"/>
        </ParsedProtocol>
        <ParsedProtocol name="high_res_dock">
            <Add mover_name="high_res_docker"/>
            <Add mover_name="final"/>
        </ParsedProtocol>
        <ParsedProtocol name="reporting">
            <Add mover_name="add_scores"/>
        </ParsedProtocol>
    </MOVERS>
    <PROTOCOLS>
        <Add mover_name="low_res_dock"/>
        <Add mover_name="high_res_dock"/>
        <Add mover_name="reporting"/>
    </PROTOCOLS>
</ROSETTASCRIPTS>
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PAR4 model generation
Despite not having an experimentally-determined structure of PAR4, there currently exist deposited structures of homologous proteins to use for comparative modeling of PAR4. Here, we used deposited Protein Data Bank [72] crystal structures of PAR2, PAR1, chemokine receptor type 9 (CCR9), apelin receptor (APJ), and C5a to build our model of PAR4. In addition to using the respective protein templates, we built the PAR4 binding pocket around the determined binding mode of vorapaxar within PAR1 to generate 500 output models. 
Inclusion of a ligand in the binding site has been shown to be crucial during homology model building due to binding pocket collapse. It would be ideal to obtain a known PAR4 inhibitor that is chemically close to a ligand co-crystallized in another template. First, we took all known PAR4 binders and ran Tanimoto similarity to the ligands co-crystallized in PARs 1 and 2. If we found a known PAR4 inhibitor that was chemically similar to a co-crystallized PAR1 or PAR2 ligand, we could align the compounds and use this in RosettaCM; however, we there was no significant chemical overlap. We then looked at all known binders to PARs 1, 2 and 4 from ChEMBL and ran Tanimoto similarities to determine any chemical overlap; however, we still found nothing. We also tried breaking down vorapaxar into fragments and compare to known PAR4 inhibitors, but there was still no chemical overlapping. We then decided to use the predicted binding mode of BMS-3 aligned with the templates to build PAR4 using RosettaCM. Tanimoto similarities in all cases were < 0.3 and binder threshold were defined using a threshold IC50 < 200nM.  
[bookmark: _Toc57805660][bookmark: _Toc57910615][bookmark: _Toc116300608][bookmark: _Toc117609240]We used all 500 receptor models from the comparative modeling step for receptor optimization by testing the enrichment rates when scoring using the DOCK algorithm when docking known binders and property-matched generated decoys from the DUD-E database [177]. Looking at the docked structures of the known active compounds, while taking into account the enrichment of these actives, we selected a single PAR4 model to move forward into the ultra-large screen. From the ZINC database [167-169], we opted to screen against the lead-like compound set containing 129 million compounds using the following criteria: MW: 300-350 Da, logP: -1 - 3.5, Rep: 3D, React: Standard, Purch: Wait OK, pH: Ref Mid, Charge: 0. (Dataset curated on December 4, 2019.) 

Post-screen filtering
[bookmark: _Toc57805661][bookmark: _Toc57910616][bookmark: _Toc116300609][bookmark: _Toc117609241]An arbitrary cutoff of -40 DOCK score was used as a cutoff value for initial filtering; this resulted in ~100K DOCKed poses and is only the top ~0.4% of screened compounds. Using Tanimoto similarities, we removed all compounds > 0.35 Tc to known PAR4 binders, which reduced our compounds to ~99.7K. We then ran a filter that only selects compounds that docked below a certain threshold with respect to the membrane, resulting in ~7000 remaining compounds to analyze. The transmembrane depth filter was put in place based on our hypothesis that we want a binder that penetrates deep into the transmembrane bundle to inhibit the TL mechanism. To ensure that compound poses are energetically-favorable and below a certain internal strain threshold, we ran the resulting compounds through a conformer analysis with a threshold < 1.5 TEU (arbitrary torsional strain units) and resulted in 4638 compounds. These compounds were then clustered based on Tanimoto similarity to ensure we’re testing a diverse set of compounds, resulting in 2101 cluster heads for further inspection. The resulting compounds with their respective predicted binding pose from the DOCK simulation were analyzed for interaction criteria using Rosetta’s InterfaceAnalyzer[128] application, namely to quantify the number of unsatisfied hydrogen bonds and the number of hydrogen bonds between the ligand and receptor. This interface analysis was meant to guide visual inspection of the 2101 output models, where we also manually inspected predicted interactions. All command-line protocol captures for these steps are detailed in the Supplementary Materials. 

Hit-to-lead optimization using SAR-by-purchase approach
To acquire “Analog set 1” , we screened the ZINC database for similar compounds to A8. As we were only going off a single hit, we wanted the next set to balance having enough similarity to our initial hit while obtaining a rich diversity of compounds to expand potential SAR. We screened the ZINC library to acquire compounds with Tanimoto similarity > 0.75 relative to A8. These compounds were then clustered based on with a Tanimoto similarity threshold > 0.75 with respect to each other to achieve a maximally diverse subset, resulting in 207 compound clusters. The compound with the lowest molecular weight from each of these clusters was selected to serve as a potential starting compound for testing and easier for subsequent optimization. These 207 resulting cluster representatives were aligned to the predicted binding mode [178, 179] for A8, redocked using RosettaLigand[115, 116, 122], and subsequently ranked based on score, number of unsaturated hydrogen bond donors and acceptors and number of interface hydrogen bonds formed. These compounds were first screened at 10 µM then dose response curves were performed for the compounds that were full inhibitors at this concentration. Of these 80 compounds, three had higher affinities than the original hit. All three analogs passed the same off target screen we performed for the original hit, but not inhibiting platelet activation by the GPVI receptor agonist convulxin nor the PAR1 agonist peptide (data not shown, n=3). 
[bookmark: _Toc116300610][bookmark: _Toc117609242]“Analog set 2” was based on the common core of the resulting 3 higher affinity compounds. We re-screened the Enamine database for compounds containing this chemical motif (SMILES string: “c1nc(NC(=O)c2cc[nH]n2)n[nH]1”). This search resulted in 100 compounds, which we then purchased from Enamine for testing. We also explored analogs around the Analogs set 1 hits 212B10, 212D8 and 212H3 individually. We repeated the steps above from A8 to obtain derivatives for B212D8 and B212H3, respectively. 

Human platelet activity assay
Activation of washed human platelets was monitored by flow cytometry for detection of PAC1 (GPIIbIIIa activation) and CD62p (P-selectin expression) binding as previously described[89, 180].   Human platelets were obtained from healthy volunteers. The Vanderbilt University Internal Review Board approved these studies. Informed consent was obtained from all individuals prior to the blood draw. 10 mL whole blood was collected into 0.32% Na citrate. Platelet rich plasma was collected after room temperature centrifugation at 1,100 rpm for 15 min on a Thermo Forma 400 centrifuge (Thermo Fisher, Waltham, MA).  1/10 volume of acid citrate dextrose (ACD) buffer was added to the collected supernatant and incubated for 10 min.  After centrifugation at 2,400 rpm for 10 min, the platelet pellet was resuspended in 1mL Tyrode’s buffer (“TBB”: 15 mM HEPES, 0.33 mM NaH2PO4, pH 6.4, 138 mM NaCl, 2.7 mM KCl, 1 mM MgCl2, 5.5 mM dextrose, 0.1% bovine serum albumin). Platelets were collected, counted on a Z1 Coulter Particle Counter (Beckman Coulter, Brea, CA), and diluted in TBB to 1.5 × 107 platelets / mL. 60µL of platelets were aliquoted to each tube and pre-incubated with 40 µL TBB with antibodies PAC1 FITC (Becton Dickinson, Franklin Lakes NJ) and P-Selectin PE (Becton Dickinson) and either test compound antagonist or DMSO vehicle control. Platelets were then activated with 100 nM -thrombin or other agonist for 30 min. Samples were then fixed by adding 100 L 2% paraformaldehyde.  After 20 minutes samples were diluted by adding 300 µL phosphate buffered saline (PBS) and stored at 4 °C. Data were collected on a 3-laser BD LSRFortessa (Becton Dickinson) and analyzed with FlowJo software (FlowJo LLC, Ashland, OR). Mean fluorescence intensity (geometric) of PE and FITC was determined from 30,000 events after compensation correction. Data were normalized to vehicle (DMSO) controls.
[bookmark: _Toc116300611][bookmark: _Toc117609243]Compounds were screened for inhibition activity against human PAR4 using 100 nM -thrombin or 200 M PAR4-AP in a single point assay (10 M of test compound). Dose response curves were conducted for active compounds. Active compounds were also assessed at a single concentration of 10 M against other agonists including the PAR4 component of α-thrombin (5 nM α-thrombin + 1 M vorapaxar), the PAR1 agonist peptide (20 M SFFLRN), and the GPVI receptor agonist convulxin (3 nM). 

Mouse platelet activity assay
For mouse PAR4 activity, washed mouse platelets were prepared by collecting cardiac puncture blood with 200 L of 20 U/mL heparin.  Following centrifugation at 1,000 rpm for 15 min, plasma and buffy coat were collected into a separate tube and spiked with apyrase and PGE1. After centrifuging at 1,000 rpm for 8 minutes, the platelet rich plasma was transferred to another tube and centrifuged for 2,200 rpm for 10 minutes to pellet the platelets. Platelets were resuspended into TBB + apyrase + PGE1.  Platelets were counted and diluted in TBB to a final concentration of 2 × 107 platelets / mL. 50 L of platelets were aliquoted to each tube pre-incubated with 50 L TBB with antibodies for mouse GPIIbIIIa and P-selectin (Emfret, Eibelstadt Germany), and either test compound antagonist or DMSO control. Platelets were activated with 316 nM -thrombin for 30 min. Samples were then fixed with 100 L 2% paraformaldehyde for 20 min and diluted with 300 L PBS. Flow cytometry counts are measured as for human platelets on a 3-laser BD LSRFortessa (Becton Dickinson) and analyzed with FloJo software.
[bookmark: _Toc117609244]
Metabolism assay
6G3R was subjected to metabolism with rat S9 (RS9) fractions with NADPH as the cofactor. The only two observed “metabolites” were the free acid and amine from amide hydrolysis. Amide hydrolysis was not observed in buffer but was observed in buffer plus RS9 with and without NADPH.






[bookmark: _Ref117689058][bookmark: _Toc117771880]Figure C.1: Single point screen of compounds purchased from ULS. % Max Response with 100µM compound against PAR4-AP (top) and gamma-thrombin (bottom). Compounds <50% Max Response, A8 and C5, are indicated in purple bars



[bookmark: _Ref117689130][bookmark: _Toc117771881]Figure C.2: Off-target controls. Left: % Max Response of PAR4 against 5 nM alpha-thrombin + 1 µM vorapaxar (top), 20 µM PAR1-AP (middle), 3.16 nM convulxin (bottom). Right: Thrombin binding control.







[bookmark: _Ref117689247][bookmark: _Toc117771882]Figure C.3: Mass spectrum (top) and 1H NMR (bottom) of Enamine A8. 


[bookmark: _Ref117689495][bookmark: _Toc117771883]Figure C.4: Analog set 1 single point screen results. 




[bookmark: _Ref117690436][bookmark: _Toc117771884]Figure C.5: Dose response curves of Analog set 1 hits in human (left) and mouse (right) platelets. For clarify, only P-selectin is plotted. 



[bookmark: _Ref117689568][bookmark: _Toc117771885]Figure C.6: Double point screen of Analog set 2. 



[bookmark: _Toc117771886]Figure C.7: Synthesized compounds based on Analog Set 2 hits. Tested at 1 μM g-thrombin, n=3 ; CRCs conducted using n≥3; all values normalized to DMSO control.

[bookmark: _Toc117771887]Figure C.8: Synthesized compounds based on Analog Set 1 hits. Tested at 10 μM g-thrombin, n=3 ; CRCs conducted using n≥3; all values normalized to DMSO control.


[bookmark: _Toc117771888]Figure C.9: Synthesized compounds based on Analog Set 2 hits. Tested at 1 μM g-thrombin, n=3 ; CRCs conducted using n≥3; all values normalized to DMSO control.



[bookmark: _Ref117716937][bookmark: _Toc117771889]Figure C.10: Residues within 5Å of the predicted binding pose of 6G3R (left) and BMS-3 (right). 


[bookmark: _Ref117717323][bookmark: _Toc117771890]Figure C.11: Overlaid 6G3R and BMS-3 binding poses. Left: 6G3R (magenta) and BMS-3 (green) in the 3D pocket. Same model represented in 2D of 6G3R (top) and BMS-3 (bottom) created using MOE’s Ligand Interaction Tool. The legend for these images is shown in the bottom left. 




[bookmark: _Ref117717582][bookmark: _Toc117771891]Figure C.12: Pipeline to search for amide derivatives in Enamine and Vanderbilt Discovery Collection libraries. 



[bookmark: _Ref117717849][bookmark: _Toc117771892]Figure C.13: Top-down representation to show mutations between human PAR4 and mouse PAR4 (left) and human PAR1 (right). Residues within 5Å of predicted 6G3R binding mode shown in pink, mutated residues in brown, and mutated residues in the binding site in yellow. 



[bookmark: _Ref117690594][bookmark: _Toc117771843]Table C.1: IC50 values for generation 2 lead optimization of 212B10 and 212D8. PAC1 and P-selectin in human platelets, JonA and P-selectin in mouse platelets.


[bookmark: _Ref117690602][bookmark: _Toc117771844]Table C.2: IC50 values for generation 2 lead optimization of 212H3. PAC1 and P-selectin in human platelets, JonA and P-selectin in mouse platelets.





[bookmark: _Ref117690765][bookmark: _Toc117771845]Table C.3: IC50 values for generation 3 lead optimization. PAC1 and P-selectin in human platelets, JonA and P-selectin in mouse platelets.
[image: Table  Description automatically generated with medium confidence]
[image: Table  Description automatically generated with medium confidence]




Chapter 5 Protocol Captures
RosettaGPCR homology modeling of PAR4
Sequence alignments for homology modeling>PAR4
----------------------RALLLGWVPTRLVPALYGLVLVVGLPANGLALWVLATQ-------AP-R--------LPSTMLLMNLAAADLLLAL-ALPPRIAYHLR-GQ-----------RWPF--------GEAACRLATAALYGHMYGSVLLLAAVSLDRYLALVH----------------PLRARALR-----------GRRLALGLCMAAWLMAAALALPLTLQ--RQTFRL--AR---------------------------------------------SD-RVLCHD----------------------------------------------------------------------------------------------------------ALP------------------------------------------LDAQ----ASHWQPAFTCLALLGCFLPLLAMLLCYGATLHTLAASGR-----------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------RYGHALRLTAVVLASAVAFFVPSNLLLLLHYSDPSP-S------------AW-----GNLYGAYVPSLALSTLNSCVDPFIYYYVSAEFRDKVRAGLFQRSPGDTVASKAS
>5ndd_
----------------------ASVLTGKLTTVFLPIVYTIVFVVALPSNGMALWVFLFR-------TKKK--------APAVIYMANLALADLLSVI-WFPLKIAYHIH-GN-----------NWIY--------GEALCNVLIGFFYANMYCSILFLTCLSVQRAWEIVN----------------PMGHSRK------------KANIAIGISLAIWLLILLVTIPLYVV--KQTIFI--PA---------------------------------------------LQ-ITTCHD----------------------------------------------------------------------------------------------------------VLP------------------------------------------EQLL----VGDMFNYFLSLAIGVFLFPAFLTASAYVLMIRAL-----------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------ENSEKKRKRAIKLAVTVAAMYLICFTPSNLLLVVHYFLIKS-Q------------GQ-----SHVYALYIVALCLSTLNSCIDPFVYYFVSHDFRDHAKNAL--------------
>3vw7_
----------------------SGYLTSSWLTLFVPSVYTGVFVVSLPLNIMAIVVFILK-------MKVK--------KPAVVYMLHLATADVLFVS-VLPFKISYYFS-GS-----------DWQF--------GSELCRFVTAAFYCNMYASILLMTVISIDRFLAVVY----------------PM-----R-----------TLGRASFTCLAIWALAIAGVVPLLLK--EQTIQV--PG---------------------------------------------LG-ITTCHD----------------------------------------------------------------------------------------------------------VLS-----------------------------------------ETLLE----GYYAYYFSAFSAVF-FFVPLIISTVCYVSIIRCLSSSA--------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------ANRSKKSRALFLSAAVFCIFIICFGPTNVLLIAHYSFLSH-TS-----------TT-----EAAYFAYLLCVCVSSISCCIDPLIYYYASSEC----------------------


>5lwe_
---------------------------RQFASHFLPPLYWLVFIVGALGNSLVILVYWYC-------ARAK--------TATDMFLLNLAIADLLFLV-TLPFWAIA------------------------------TFMCKVVNSMYKMNFYSCVLLIMCICVDRYIAIAQ----------------AMRAHTWREK---------RLLYSKMVCFTIWVLAAALCIPEILY---------------------------------------------------------------CT----------------------------------------------------------------------------------------------------------------------------------------------------------------TKLKSAVLALKVILGFFLPFVVMACCYTIIIHTLIQAKK----------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------SSKHKALKATITVLTVFVLSQFPYNCILLVQTIDAYA-MFI----------SN-CAVSTAIDICFQVTQAIAFFHSCLNPVLYVFVGERFRRDLVKTLKNLGAISQAAAHH-
>5vbl_
----------------------CEYTDWKSSGALIPAIYMLVFLLGTTGNGLVLWTVFRS-------SREKR-------RSADIFIASLAVADLTFVV-TLPLWATYTYR-DY-----------DWPF--------GTFFCKLSSYLIFVNMYASAFCLTGLSFDRYLAIVR----------------PVANARLR-----------LRVSGAVATAVLWVLAALLAMPVMVL--RTTGDL--EN---------------------------------------------TN-KVQCYM----------------------------------------------------------------------------------------------------------DYS--------------------------------------MVATVSSE----WAWEVGLGVSSTTVGFVVPFTIMLTCYFFIAQTIA----------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------RRRLLSIIVVLVVTFALCKMPYHLVKTLYMLGSLL-H------------WP-CDFDLFLMNIFPYCTCISYVNSCLNPFLYAFFDPRFRQACTSMLLMGQSR--------
>6c1r_
------------------------SNTLRVPDILALVIFAVVFLVGVLGNALVVWVTAFE-------AK-R--------TINAIWFLNLAVADFLSCL-ALPILFTSIVQ-HH-----------HWPF--------GGAACSILPSLILLNMYASILLLATISADRFLLVFK----------------PIWCQNFR-----------GAGLAWIACAVAWGLALLLTIPSFLY--RVVREE--YF---------------------------------------------PP-KVLCGV------------------------------------------------------------------------------------------------------------------------------------------------------DYSHD----KRRERAVAIVRLVLGFLWPLLTLTICYTFILLRTWSRR-------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------STKTLKVVVAVVASFFIFWLPYQVTGIMMSFL----EPS--------SPTF-----LLLKKLDSLCVSFAYINCCINPIIYVVAGQGF-----KSLPSLLRNVLTEES--




Running RosettaGPCR

> $ROSETTA-3.10/main/source/bin/rosetta_scripts.default.linuxgccrelease @ flags

flags
# i/o
-in:file:fasta target.fasta
-nstruct 10
-parser:protocol rosetta_cm.xml
-out:pdb_gz
-in:file:extra_res_fa BMS.fa.params
-in:file:extra_res_cen BMS.cen.params
-extra_improper_file BMS.fa.tors

# membrane options
-in:file:spanfile span.txt
-membrane:no_interpolate_Mpair
-membrane:Menv_penalties
-rg_reweight .1

# relax options
-default_max_cycles 200
-relax:min_type lbfgs_armijo_nonmonotone
-relax:minimize_bond_angles
-relax:minimize_bond_lengths
-relax:jump_move true
-score:weights stage3_rlx_membrane.wts
-use_bicubic_interpolation
-hybridize:stage1_probability 1.0
-sog_upper_bound 15
-out:level 100
-linmem_ig 10



disulf.txt

82 161

span.txt
TM region prediction for target.topo predicted using OCTOPUS
7 303
antiparallel
n2c
  12    32    12    32
  47    67    47    67
  81   111    81   111
 124   144   124   144
 178   198   178   198
 216   236   216   236
 253   273   253   273



rosettacm.xml

<ROSETTASCRIPTS>
    <TASKOPERATIONS>
    </TASKOPERATIONS>
    <SCOREFXNS>
        <ScoreFunction name="stage1" weights="stage1_membrane.wts" symmetric="0">
            <Reweight scoretype="atom_pair_constraint" weight="1"/>
        </ScoreFunction>
        <ScoreFunction name="stage2" weights="stage2_membrane.wts" symmetric="0">
            <Reweight scoretype="atom_pair_constraint" weight="0.5"/>
        </ScoreFunction>
        <ScoreFunction name="fullatom" weights="stage3_rlx_membrane.wts" symmetric="0">
            <Reweight scoretype="atom_pair_constraint" weight="0.5"/>
        </ScoreFunction>
        <ScoreFunction name="membrane" weights="membrane_highres_Menv_smooth" symmetric="0">
            <Reweight scoretype="cart_bonded" weight="0.5"/>
            <Reweight scoretype="pro_close" weight="0"/>
        </ScoreFunction>
    </SCOREFXNS>
    <FILTERS>
    </FILTERS>
    <MOVERS>
        <Hybridize name="hybridize" stage1_scorefxn="stage1" stage2_scorefxn="stage2" fa_scorefxn="fullatom" batch="1" stage1_increase_cycles="1.0" stage2_increase_cycles="1.0" linmin_only="1" realign_domains="0" disulf_file="/dors/meilerlab/home/smithst/par4/par4_remodel/rosettagpcr/rosetta_cm/disulf.txt" add_hetatm="1">
            <Template pdb="/dors/meilerlab/home/smithst/par4/par4_remodel/rosettagpcr/rosetta_cm/5ndd_aligned_with_vora.pdb" cst_file="AUTO" weight="1.000"/>
            <Template pdb="/dors/meilerlab/home/smithst/par4/par4_remodel/rosettagpcr/rosetta_cm/3vw7_aligned_with_vora.pdb" cst_file="AUTO" weight="1.000"/>
            <Template pdb="/dors/meilerlab/home/smithst/par4/par4_remodel/rosettagpcr/rosetta_cm/5lwe_aligned_with_vora.pdb" cst_file="AUTO" weight="1.000"/>
            <Template pdb="/dors/meilerlab/home/smithst/par4/par4_remodel/rosettagpcr/rosetta_cm/5vbl_aligned_with_vora.pdb" cst_file="AUTO" weight="1.000"/>
            <Template pdb="/dors/meilerlab/home/smithst/par4/par4_remodel/rosettagpcr/rosetta_cm/6c1r_aligned_with_vora.pdb" cst_file="AUTO" weight="1.000"/>
        </Hybridize>
        <ClearConstraintsMover name="clearconstraints"/>
    </MOVERS>
    <APPLY_TO_POSE>
    </APPLY_TO_POSE>
    <PROTOCOLS>
        <Add mover="hybridize"/>
        <Add mover="clearconstraints"/>
    </PROTOCOLS>
    <OUTPUT scorefxn="membrane"/>
</ROSETTASCRIPTS>


disulf_file="/dors/meilerlab/home/smithst/par4/par4_remodel/rosettagpcr/rosetta_cm/disulf.txt" add_hetatm="1">
            <Template pdb="/dors/meilerlab/home/smithst/par4/par4_remodel/rosettagpcr/rosetta_cm/5ndd_aligned_with_vora.pdb" cst_file="AUTO" weight="1.000"/>
            <Template pdb="/dors/meilerlab/home/smithst/par4/par4_remodel/rosettagpcr/rosetta_cm/3vw7_aligned_with_vora.pdb" cst_file="AUTO" weight="1.000"/>
            <Template pdb="/dors/meilerlab/home/smithst/par4/par4_remodel/rosettagpcr/rosetta_cm/5lwe_aligned_with_vora.pdb" cst_file="AUTO" weight="1.000"/>
            <Template pdb="/dors/meilerlab/home/smithst/par4/par4_remodel/rosettagpcr/rosetta_cm/5vbl_aligned_with_vora.pdb" cst_file="AUTO" weight="1.000"/>
            <Template pdb="/dors/meilerlab/home/smithst/par4/par4_remodel/rosettagpcr/rosetta_cm/6c1r_aligned_with_vora.pdb" cst_file="AUTO" weight="1.000"/>
        </Hybridize>
        <ClearConstraintsMover name="clearconstraints"/>
    </MOVERS>
    <APPLY_TO_POSE>
    </APPLY_TO_POSE>
    <PROTOCOLS>
        <Add mover="hybridize"/>
        <Add mover="clearconstraints"/>
    </PROTOCOLS>
    <OUTPUT scorefxn="membrane"/>
</ROSETTASCRIPTS>

Structure refinement for ultra-large screening (ULS) in DOCK
Run initial blastermaster on PAR4 across all RosettaCM outputs# In std_dockprep/ generate initial blastermaster using defaults
egrep ATOM PAR4_BMS_...pdb > rec.pdb
egrep HETATM PAR4_BMS...pdb > xtal-lig.pdb
egrep CONECT PAR4_BMS...pdb >> xtal-lig.pdb
source trunk
$DOCKBASE/protein/blastermaster.py -v -addhOptions='-HIS -FLIPs '
 
# Run blastermaster in each ES/LD setting
# Use FULL paths! 
csh /path/to/script/dockprep_thin_spheres_in_batches.csh /path/to/script/ /path/to/std_dockprep
 
# In ligands-decoys/ add ligands and decoys files
ls FULLPATH/TO/ACTIVES_DB2 > ligands.sdi
ls FULLPATH/TO/DECOYS_DB2 >> ligands.sdi
cat FULLPATH/TO/ACTIVES/input.ism > actives.smi
cat FULLPATH/TO/DECOYS/input.ism > decoys.smi
awk '{print $2}' actives.smi > actives.names
awk '{print $2}' decoys.smi > decoys.names
 
# PARAMETER SCANNING
# In script/ edit lig-decoy_enrichment_submit.csh, combine...csh, AUC...csh files to make sure paths are correct
# Back up in thin_spheres_parameter_scanning/
csh FULLPATH/TO/SCRIPT/lig-decoy_enrichment_submit.csh
csh FULLPATH/TO/SCRIPT/combine...csh
# Remember the only things we're changing in each iteration are the electrostatics and desolvation grids--NOT vdw. The same percentage of compounds will be able to be docked each time, as this is only dependent on VDW grid. 
# In INDOCK, the #mol2 line is commented out (as usual), atom_maximum set to 100 (as usual)
# With bump_maximum at 10, only 12.5% of compounds were able to be docked so I increased the bump_maximum from 10 --> 100 in INDOCK.
# bump_maximum --> 100, 39.4% of compounds were being docked.







PAR4 ligand and decoy preparation
Actives were taken from ChEMBL (PAR4_CHEMBL_actives.smi, n=439) and actives from current Hamm series (PAR4_matt_cmpds_actives_only.smi, n=12) where IC50 < 200 nM. Cat'd these together and full list is located in PAR4_actives_withname.csv to be used for clustering, etc.

PAR4 actives clustering
source /nfs/soft/dock/versions/dock37/DOCK-3.7-trunk/env.csh
mkdir /scratch/shannon/
awk '{print $1}' PAR4_actives_withname.csv > label.txt
python /nfs/home/tbalius/zzz.scripts/tanimoto_cal_axon.py -one PAR4_actives_withname.csv tanimoto.similarity
python ~tbalius/zzz.github/ChemInfTools/utils/teb_chemaxon_cheminf_tools/heatmap_matrix_cluster.py tanimoto.similarity.tanimoto.matrix label.txt 0.5 complete 1
#0.5 = 1-Tc. 0.5 is typical place to start. Adjust as necessary to obtain desired number of clusters. Generally ~20-30 seems to be good since we generate 50 decoys/active. 
# 46 cluster centers were generated here and we used these to get decoys on the DUD-E server using SMILES strings.


















Generating decoys based on actives
# All scripts for this are located in /mnt/nfs/home/rstein/zzz.scripts/new_DUDE_SCRIPTS/
# source python and Jchem
source /nfs/soft/python/envs/complete/current/env.csh
source /nfs/soft/jchem/current/env.csh
# In dir, need one file for actives smiles looking like this: [SMILES NAME]
# I just catted the actives that came out of the ligand setup (supposed to work without having protonated SMILES if you designate PROTONATE YES in decoy_generation.in, but it wasn't working. The bash script it points to was giving the error: STORE_PROTOMERS NOT FOUND and yielded no output.
cat ~/par4/par4_ligands/dude-decoys/actives/jobs/x/outputs/x/finished/*/protomers.xls | sed '/name/d' | awk '{print $1,$2} > actives.smi
# Just put ligands into appropriate sub-directories in {NEW_DIR_NAME} aka "ligands_dir" here. 
python /mnt/nfs/home/rstein/zzz.scripts/new_DUDE_SCRIPTS/0000_protonate_setup_dirs.py actives.smi {NEW_DIR_NAME}
# Submit to get ZINC15 decoys SMILES. Number of decoys to generate set to default 20-50 with Tc_max = 0.8. Just look in decoy_generation.in
# Takes some time--only about 15 minutes for 46 actives. 
python /mnt/nfs/home/rstein/zzz.scripts/new_DUDE_SCRIPTS/0001_qsub_generate_decoys.py {NEW_DIR_NAME}
# 
python /mnt/nfs/home/rstein/zzz.scripts/new_DUDE_SCRIPTS/0002_qsub_filter_decoys.py {NEW_DIR_NAME}
python /mnt/nfs/home/rstein/zzz.scripts/new_DUDE_SCRIPTS/0003b_write_out_ligands_decoys.py {NEW_DIR_NAME} ligands-decoys/
# Now have ligands-decoys/decoys/ dir
# $ph set to 7.4
# NOTE: for 2250 decoys, this took overnight! 
${DOCKBASE}/ligand/generate/build_database_ligand.sh -H $ph decoy_protomers.smi --pre-tautomerized --no-db
# Plot properties (MW, HBD, HBA, N_rots, logP, charge) of actives vs. decoys
python /mnt/nfs/home/rstein/zzz.scripts/new_DUDE_SCRIPTS/0004_plot_properties.py {NEW_DIR_NAME}






























Generating ligand files for DOCK:
source /nfs/soft/dock/versions/dock37/DOCK-3.7-trunk/env.csh
After generating decoys using DUD-E server, we generate ligand files for DOCK:
*MAKE SURE THE LIGANDS ARE NAMED WITH AT LEAST 3 DIGITS! Use either ChEMBL name or arbitrary names starting from 100*
{code:title=Creating ligand files for decoys and actives}
# expand downloaded file. in decoys/ :
# take the decoys files, remove first "ligand" line and extract first 2 columns
cat decoys.P*.picked | sed '/ligand/d' | awk '{print $1,$2}' > decoys.smi
# copy setup and run command files from Elissa's dir
cp /nfs/ex9/work/elisfink/scripts/ligand-prep/cmd .
cp /nfs/ex9/work/elisfink/scripts/ligand-prep/setup .
source setup
csh cmd decoys.smi
# Do the same prep for actives in dude_decoys/ :
mkdir actives/
cd actives/
awk '{print $1,$2}' ../ligands.charge > actives.smi
# using same cmd, setup scripts
source setup
csh cmd actives.smi






















Enrichment docking control

# link dockfiles/ files
ls -s ../dockfiles .
# need INDOCK output from initial blastermaster here. 
cp ../INDOCK .
# Make sure mol2_score_maximum line is commented out. This makes sure that the score is still recorded even if it's awful.
# set atom_maximum from 25 --> 100.
# Get paths to both actives and decoys to run DOCK in parallel
ls /mnt/nfs/ex9/work/shannon/par1/par1_ligands/dude-decoys/actives/jobs/x/outputs/x/finished/*/0.db2.gz > enrichment.sdi
ls /mnt/nfs/ex9/work/shannon/par1/par1_ligands/dude-decoys/actives/jobs/x/outputs/x/finished/CHEMBL*/0.db2.gz >> enrichment.sdi
 
# Similar to above, we don't want to just loop across all models to run the control. Instead, submit to cluster by:
bash qsub_dock.csh # links to qsub_dock.csh --> make sure leading 0s match up and make sense in both files!

# point to names of actives and decoys
egrep actives enrichment.sdi | awk -F '/' '{print $(NF-1)}' > ligands.names
egrep -v actives enrichment.sdi | awk -F '/' '{print $(NF-1)}' > decoys.names
 
# Again, this needs to be run in 3 parts based on leading 0s. Edit in foreach line and the workdir line.
csh enrichment_calcs.csh  
# This goes into each directory specified, calculates enrichments using ligands.names and decoys.names



Receptor file used for ULS: S_28_0004 in /mnt/nfs/ex9/work/shannon/par4/rec_files/bms_par4_model/rosettacm_outputs/ (see https://confluence.csb.vanderbilt.edu/display/MeilerLab/PAR4+enrichment+testing)


Post-ULS filtering
Get distribution of scores.
The top ~0.4% of compounds contained scores less than -40, which leaves 480214 poses to analyze. -40 was also the suggested cutoff from the Shoichet lab protocol so I'm going with this.
Using the same output from Screen Setup and Submission as above, but the Cluster Results and Filter for Novelty is where we're changing things this time.
[bookmark: PAR4Ultra-LargeScreen-Removecompoundstha]

Remove compounds that are similar to known actives

	## Located in /mnt/nfs/ex9/work/shannon/par4/uls/uls-1/leadlike/docking/
mkdir best_first_clustering_100000_1.0/
cd best_first_clustering_100000_1.0/
 
# cluster DOCKed compounds by tanimoto, I believe *THIS IS WHERE WE DON'T CLUSTER* --EITHER SET TC=0/1 (CAN'T EVER REMEMBER WHICH DIRECTION IT GOES) THEN USE THE SAME PROTOCOL SO WE KEEP CONSISTENT. WE WANT ALL THE -40 COMPOUNDS STILL. 
#csh /mnt/nfs/home/jklyu/zzz.script/large_scale_docking/cluster_analysis/best_first_clustering_new.csh 100000 **1.0**
# Instead of the above step, just took the ZINCIDs from ../best_first_clustering_100000_0.5/ and made the cluster_head* files using all 100000.
 
# Remove compounds similar to known actives
mkdir filtering
cd filtering/
ln -s ../cluster_head.zincid .
 
# I've already done this part for the knowns. Just copy ../../best_first_clustering_100000_0.5/filtering/knowns* .
##========================================================= 
# Copy the smiles and fingerprints of the active molecules to compare to the cluster heads.
#awk '{print $1}' /mnt/nfs/ex9/work/shannon/par4/par4_ligands/dude-decoys/actives/actives.smi > knowns_list.smi
# Get Fingerprints for actives--followed protocol used to do this for docked compounds. Not sure if this is right because it's a nxn matrix, unlike in the example. But the .group file generation works from this. And not sure how to read this.
#python /mnt/nfs/home/jklyu/zzz.github/ChemInfTools/utils/teb_chemaxon_cheminf_tools/generate_chemaxon_fingerprints.py knowns_list.smi knowns_uint16
 
# Generate .count file--not sure what this does
#/mnt/nfs/home/jklyu/zzz.github/ChemInfTools/utils/convert_fp_2_fp_in_16unit/convert_fp_2_fp_in_uint16 knowns_uint16.fp knowns_list.smi knowns_list
##=========================================================
 
## Cluster DOCKed compounds
# Generate smiles strings for cluster heads
python /mnt/nfs/home/jklyu/zzz.github/ChemInfTools/utils/teb_chemaxon_cheminf_tools/run.getstuff.from.postgreSQL.zinc_faster.py uncluster_head.zincid uncluster_head.smi
 
# Generate molecular fingerprints for the cluster heads
python /mnt/nfs/home/jklyu/zzz.github/ChemInfTools/utils/teb_chemaxon_cheminf_tools/generate_chemaxon_fingerprints.py uncluster_head.smi uncluster_head
/mnt/nfs/home/jklyu/zzz.github/ChemInfTools/utils/convert_fp_2_fp_in_16unit/convert_fp_2_fp_in_uint16 uncluster_head.fp uncluster_head.smi uncluster_head
 
# Calculate the similarity between the cluster heads and the active molecules. The similarity used here is the Tanimoto coefficient:
/mnt/nfs/home/jklyu/zzz.github/ChemInfTools/utils/cal_Tc_matrix_uint16/cal_Tc_matrix_uint16 uncluster_head_uint16.fp uncluster_head.smi uncluster_head_uint16.count knowns_uint16.fp knowns_list.smi knowns_uint16.count Max_Tc_col
 
# Format the previous output file by adding a space between the ZINC ID and TC value:
awk -F "," '{print $1 " " $2}' Max_Tc_col_max_TC.col > Max_Tc_col_space
 
# Save the cluster head smiles strings:
awk ‘{print $1}’ uncluster_head.smi > uncluster_head_no_id.smi
 
# Combine cluster heads smiles, ZINC ID and TC value:
paste -d " " uncluster_head_no_id.smi Max_Tc_col_space > uncluster_head.results
cat uncluster_head.results | awk '{if($3<0.36){print $1 " " $2 " " $3}}' > uncluster_heads.tc.to.knowns.less.than.0.35.list
awk '{print $2}' uncluster_heads.tc.to.knowns.less.than.0.35.list > uncluster_heads.less.than.0.35.zinc_id_list
  
#Once compounds have been clustered and filtered, you can extract poses of the remaining compounds.
#Within the filtering directory:
 
python /mnt/nfs/home/jklyu/zzz.script/large_scale_docking/DOCK/rerank_extract_file.py ../../extract_all.top100000.sort.uniq.txt uncluster_heads.less.than.0.35.zinc_id_list .
mv extract_all.sort.uniq.re.txt extract_all.top100000.uncluster.head.filt.0.35.txt
sort -nk 22 extract_all.top100000.uncluster.head.filt.0.35.txt > extract_all.top100000.uncluster.head.filt.0.35.sort.txt
 
# Get poses using script below. This is because some files aren't gzipped property and stops extraction. Output from this is poses-extract_all.top100000.uncluster.head.filt.0.35.sort.txt.sdf
bash get_poses.sh extract_all.top100000.uncluster.head.filt.0.35.sort.txt
 
#Copy the necessary files to your Mac to review docked compounds. You will need: the rec.crg.pdb from  /working and the poses.mol2 from /run1. You can also compare binding of new docked ligands to the original xtal-lig.pdb from the crystal structure.


[bookmark: PAR4Ultra-LargeScreen-PAINS%2FLip.otherf]


PAINS/Lip. other filters to remove "bad" compounds

	## Located in ~/par4/BKS_screen/run1_leadlike/unclustered_posesthatscoredlessthann40/
# Parse compounds in dataset that contain greater than 1 Lipinski violation and do not pass a PAINS filter test (defined in RDKIT)
# For the record, I haven't looked in depth at the differences between PAINSA/B/C, but it's in this paper: https://pubs.acs.org/doi/pdf/10.1021/jm901137j with a follow-up in https://www.ncbi.nlm.nih.gov/pmc/articles/PMC5778390/pdf/cb7b00903.pdf . 
~/anaconda3/envs/my-rdkit-env/bin/python ~/scripts/rdkit_scripts/check_lipinski.py poses-extract_all.top100000.cluster.head.filt.0.35.sort.0.sdf
  
#OUPUTS:
# Compounds that failed Lipinski trial: fails_lip.sdf/.png
# X/TOTAL contained 1 Lipinski violation. There were none that had greater than 1. 
# Compounds that failed PAINS(A/B/C) filter: fails_pains(A/B/C).sdf/.png, reasons listed in fails_pains(A/B/C).txt
# 704 failed PAINS_A 
# X failed PAINS_B
# X failed PAINS_C


[bookmark: PAR4Ultra-LargeScreen-AutomateTMdepthand]


Automate TM depth and pick out a lot more compounds that dig deeper down

	## Located in ~/par4/BKS_screen/run1_leadlike/unclustered_posesthatscoredlessthann40/
# This uses the mp_transform application in Rosetta (https://www.rosettacommons.org/docs/latest/application_documentation/membrane_proteins/RosettaMP-App-MPTransform) to transform the PAR4 receptor with its docked ligand pose into the membrane coordinate frame using the same span file that we made previously for the RosettaCM protocol. Once in the membrane coordinate frame, we simply average (not weighted average) the ligand coordinates to obtain a centroid and the z-coordinate gives us a measure of the TM depth. 
  
# Saved poses-extract_all.top100000.cluster.head.filt.0.35.sort.0.sdf into individual PDBs in ligand_pdbs/ dir.
#ls ligand_pdbs/*.mol > listof_ZINCIDs
#split -l 1700 listof_ZINCIDs
#bash TM_depth.sh xa*
# run using sbatch run_TM_depth.slurm
# run in ~/par4/BKS_screen/run1_leadlike/unclustered_posesthatscoredlessthann40/
 
ligand_file=$1
   
for ligand in `awk '{print $1}' ./${ligand_file} `; do
    python2.7 /dors/meilerlab/apps/rosetta/rosetta-3.10/main/source/scripts/python/public/molfile_to_params.py -n ${ligand} -p ${ligand} --mm-as-virt --long-names --chain X ./ligand_pdbs/${ligand}_fromdock.sdf
    mv ${ligand}* ligand_pdbs/
    cat ./input_files_for_docking/rec.pdb ./ligand_pdbs/${ligand}_0001.pdb > ./ligand_pdbs/rec_${ligand}.pdb
    /dors/meilerlab/apps/rosetta/rosetta-3.8/main/source/bin/mp_transform.default.linuxgccrelease -in:file:s ./ligand_pdbs/rec_${ligand}.pdb -mp:setup:spanfiles ./span.txt -in:file:extra_res_fa ./ligand_pdbs/${ligand}.params
    mv rec_${ligand}_0001.pdb ligand_pdbs/
    egrep 'ZIN X' ligand_pdbs/rec_${ligand}_0001.pdb > ligand_pdbs/rec_${ligand}_0001_ligandonly.pdb
    python2.7 ~/docking_benchmark/scripts/get_centroid.py ligand_pdbs/rec_${ligand}_0001_ligandonly.pdb ligand_pdbs/rec_${ligand}_0001_ligandonly
   
# clean-up so all we have left is the centroid coordinate and the starting molfile (this will be used to prep for docking). 
rm ./ligand_pdbs/rec_${ligand}*[0-9].pdb ./ligand_pdbs/${ligand}*.pdb ./ligand_pdbs/${ligand}*.params ./ligand_pdbs/rec_${ligand}*ligandonly.pdb
done
   
# Using the membrane transformed centroid coordinate (ligand_pdb/rec_${ligand}_0001_ligandonly.center.pdb), I can choose ligands whose centroids are closer to TM z-axis=0. 
#echo "z_coord" > z_coord.csv
#awk '{print $9}' ligand_pdbs/*center.pdb >> z_coord.csv
#python ./histogram.py z_coord.csv z_coord.png



Take compounds where they're more buried in comparison to BMS (n=N)
	for i in `awk '{print $1}' ./listof_ZINCIDs `; do
    limit=12
    depth=`awk '{print $9}' ./ligand_pdbs/rec_${i}_0001_ligandonly.center.pdb | awk -F '.' '{print $1}'` 
    if [ "$depth" -le "$limit" ]; then
            echo $i >> listof_ZINCIDs_buried
    fi
done
  
# number below 14: 7006 (7.0%)
# number below 13: 6236 (6.3%)
# number below 12: 5773 (5.8%)


Distribution of ligand centroid z-coordinates. Red line designates depth that we believe BMS binds based on docking simulations. Membrane center at (0,0,0).

[bookmark: PAR4Ultra-LargeScreen-BJBStrainAnalysisa]

Strain Analysis and clustering
~/par4/BKS_screen/run1_leadlike/unclustered_posesthatscoredlessthann40/below14_TMdepth/deepTM_strainoutputs_BJB/
4638/7006 (66.2%) passed the strain analysis with TEU threshold=1.8 (pass_strain.id) These resulting compounds then underwent Tanimoto clustering to extract out cluster heads Tc=0.5 (cluster_head.zincid, n=2101) and Tc=0.35 (cluster_head_0.35.zincid, n=840).
[bookmark: PAR4Ultra-LargeScreen-Visualanalysis]

Visual analysis
[bookmark: PAR4Ultra-LargeScreen-InterfaceAnalyzer]From Brian Bender/Shoichet: "Things to look for in visual analysis: unsatisfied H-bond donors are bad (hydroxlys worse than structural NHs); unsatisfied Hbond acceptors more than 3 or 4; high number of rotatable bonds; axial instead of equatorial moieties on 6-carbon acyl rings; suspicious missed protonation on nitrogens; etc. Once you do a visual culling of hits (using ViewDock in Chimera) send me a chimera session with up to 500 hits and I can help pick from there."


Interface Analyzer
~/par4/BKS_screen/run1_leadlike/unclustered_posesthatscoredlessthann40/below14_TMdepth/deepTM_strainoutputs_BJB/interfaceanalyzer/
I have looked at all the compounds for the above criteria and made a list accordingly. I also have run Rosetta's InterfaceAnalyzer mover to look specifically for unsatisfied hydrogen bonds and the number of hydrogen bonds at the interface. I did allow repacking and final minimization using the PackRotamersMover and FinalMiniimzer.

run_interfaceanalyzer.sh
	#!/bin/bash
 
ZINCID=$1
here=`pwd`
 
# run BCL cleaner/protonate
bcl.exe molecule:Filter -add_h -neutralize -defined_atom_types -3d -input_filenames ${here}/../pass_strain_files/${ZINCID}.sdf -output_matched ${ZINCID}_clean.sdf -output_unmatched ${ZINCID}_unclean.sdf -message_level Debug
# run molfiletoparams
python2.7 /dors/meilerlab/apps/rosetta/rosetta-3.10/main/source/scripts/python/public/molfile_to_params.py -n ${ZINCID} -p ${ZINCID} --mm-as-virt --long-names ${ZINCID}_clean.sdf --chain X
 
 
/dors/meilerlab/apps/rosetta/rosetta-3.10/main/source/bin/rosetta_scripts.linuxgccrelease \
    @ ${here}/interfaceanalyzer.flags \
    -parser:protocol ${here}/interfaceanalyzer.xml \
    -s "${here}/rec.pdb ${here}/${ZINCID}_0001.pdb" \
    -in:file:native "${here}/rec.pdb ${here}/${ZINCID}_0001.pdb" \
    -extra_res_fa ${here}/${ZINCID}.params \
    -out:path:all ${here}/output_files/ \
    -out:file:scorefile rec_${ZINCID}_ia.sc \
 
rm ${ZINCID}*



Interface_analyzer.xml
	<ROSETTASCRIPTS>
    <SCOREFXNS>
        <ScoreFunction name="ligand_soft_rep" weights="ligand_soft_rep">
            <Reweight scoretype="fa_elec" weight="0.42"/>
            <Reweight scoretype="hbond_bb_sc" weight="1.3"/>
            <Reweight scoretype="hbond_sc" weight="1.3"/>
            <Reweight scoretype="rama" weight="0.2"/>
        </ScoreFunction>
     
        <ScoreFunction name="hard_rep" weights="ligandprime">
            <Reweight scoretype="fa_intra_rep" weight="0.004"/>
            <Reweight scoretype="fa_elec" weight="0.42"/>
            <Reweight scoretype="hbond_bb_sc" weight="1.3"/>
            <Reweight scoretype="hbond_sc" weight="1.3"/>
            <Reweight scoretype="rama" weight="0.2"/>
        </ScoreFunction>
    </SCOREFXNS>
    <TASKOPERATIONS>
        <DetectProteinLigandInterface name="repack_interface" cut1="6.0" cut2="8.0" cut3="10.0" cut4="12.0" design="0" design_to_cys="0"/>
    </TASKOPERATIONS>
    <LIGAND_AREAS>
        <LigandArea name="docking_sidechain" chain="X" cutoff="6.0" add_nbr_radius="true" all_atom_mode="true" minimize_ligand="10"/>
        <LigandArea name="final_sidechain" chain="X" cutoff="6.0" add_nbr_radius="true" all_atom_mode="true"/>
        <LigandArea name="final_backbone" chain="X" cutoff="7.0" add_nbr_radius="false" all_atom_mode="true" Calpha_restraints="0.3"/>
    </LIGAND_AREAS>
     
    <INTERFACE_BUILDERS>
        <InterfaceBuilder name="side_chain_for_docking" ligand_areas="docking_sidechain"/>
        <InterfaceBuilder name="side_chain_for_final" ligand_areas="final_sidechain"/>
        <InterfaceBuilder name="backbone" ligand_areas="final_backbone" extension_window="3"/>
    </INTERFACE_BUILDERS>
     
    <MOVEMAP_BUILDERS>
        <MoveMapBuilder name="docking" sc_interface="side_chain_for_docking" minimize_water="true"/>
        <MoveMapBuilder name="final" sc_interface="side_chain_for_final" bb_interface="backbone" minimize_water="true"/>
    </MOVEMAP_BUILDERS>
     
    <SCORINGGRIDS ligand_chain="X" width="30.0">
        <ClassicGrid grid_name="vdw" weight="1.0"/>
    </SCORINGGRIDS>
     
    <MOVERS>
    <PackRotamersMover name="pack_rots" scorefxn="hard_rep" task_operations="repack_interface"/>
        <FinalMinimizer name="final" scorefxn="hard_rep" movemap_builder="final"/>
        <InterfaceScoreCalculator name="add_scores" chains="X" scorefxn="hard_rep" compute_grid_scores="0"/>
    <InterfaceAnalyzerMover name="interface_analyzer" scorefxn="hard_rep" pack_separated="True" pack_input="False" packstat="True" ligandchain="X" />
         
        <ParsedProtocol name="high_res_dock">
        <Add mover_name="pack_rots"/>
            <Add mover_name="final"/>
        </ParsedProtocol>
 
        <ParsedProtocol name="reporting">
            <Add mover_name="add_scores"/>
        <Add mover_name="interface_analyzer"/>
        </ParsedProtocol>
    </MOVERS>
     
    <PROTOCOLS>
        <Add mover_name="high_res_dock"/>
        <Add mover_name="reporting"/>
    </PROTOCOLS>
     
 
</ROSETTASCRIPTS>




Docking 
prep_ligand.sh
#!/bin/bash
here=`pwd`
cd $here/ligand_files/

bash ~/scripts/small_molecule/corina_gen3d.sh BMS_study.sdf BMS_study.corina.sdf
bcl.exe molecule:Filter -add_h -neutralize -defined_atom_types -input_filenames BMS_study.corina.sdf -output_matched BMS_study.corina.cleaned.sdf -output_unmatched BMS_study.corina.uncleaned.sdf -message_level Debug
python ~/scripts/small_molecule/split_sdf.py BMS_study.corina.cleaned.sdf
rename .sdf .corina.cleaned.sdf V*sdf

for i in V*corina.cleaned.sdf ; do 
	for i in V*corina.cleaned.sdf ; do bcl.exe molecule:ConformerGenerator -ensemble_filenames ${i} -conformers_separate_files ${i%.sdf}.confs.sdf -max_iterations 8000 -generate_3D -conformation_comparer "bcl::chemistry::ConformationComparisonInterface" 0.0 -cluster; done
	/dors/meilerlab/apps/rosetta/rosetta-3.13/main/source/scripts/python/public/molfile_to_params.py -n ${i%.corina.cleaned.sdf} -p ${i%.corina.cleaned.sdf} --mm-as-virt --conformers-in-one-file ${i%.sdf}.confs.sdf_0.sdf.gz --chain X 
done

cd $here/



run_docking.sh
here=`pwd`
ROSETTA="/dors/meilerlab/apps/rosetta/rosetta-3.13/"

REC=$1 ## mPAR4_files/model_6_score_0001 BMS_analog01
LIG=$2
mkdir -p $here/output_files/${LIG}/

# Run docking
$ROSETTA/main/source/bin/rosetta_scripts.default.linuxgccrelease \
-parser:protocol $here/dock.xml \
-s "$here/${REC}.pdb $here/ligand_files/${LIG}.pdb" \
-in:file:extra_res_fa $here/ligand_files/${LIG}.params \
-out:path:all $here/output_files/${LIG}/ \
-out:file:scorefile ${LIG}.sc \
-nstruct 200 \
-parser:script_vars startfrom="$here/ligand_files/A8.native.center.pdb" \
-mistakes:restore_pre_talaris_2013_behavior \
-score:analytic_etable_evaluation true \
-out:levels all:error \
-out:pdb_gz

cd $here/output_files/${LIG}/
tar -czf ${LIG}_outputs.tar.gz *.pdb.gz --remove-files 
cd $here/ 



run_analysis.sh
#!/bin/bash
here=`pwd`

input_file=$1 ## listof_ligands
for LIG in `awk '{print $1}' $here/$input_file `; do ## iterate through each of the ligands sequentially
	#rm $here/*${LIG}*txt
	cd $here/output_files_condensed/${LIG}/ ## go to output directory
	#tar -xzf ${LIG}_outputs.tar.gz ## Untar all the outputs
	#python ~/scripts/small_molecule/contacttable.py ${LIG}.sc -g $here/ligand_files/${LIG}.groupings -p $here/ligand_files/${LIG}.params -r 2.5 -z > ${LIG}.contacttable ## Create contact table file.
	score_col=`bash ~/scripts/bash/get_column_from_scorefile_by_name.sh interface_delta_X ${LIG}.sc` ## figure out which column "interface_delta_X" is in.
	num_clusters=`egrep "=== CLUSTER:" ${LIG}.contacttable | tail -n1 | awk '{print $3}'` 
	echo "Cluster Rep Population" > $here/${LIG}_cluster_info.csv
	for i in `seq 1 ${num_clusters}` ; do 
		rep=`egrep -A3 "=== CLUSTER: ${i} ===" ${LIG}.contacttable | egrep ${LIG}`
		num_models=`egrep -A3 "=== CLUSTER: ${i} ===" ${LIG}.contacttable | egrep "total models" | awk -F ':' '{print $NF}'`
		echo $i $rep $num_models
		echo $i $rep $num_models >> $here/${LIG}_cluster_info.csv
		echo "RMSD and interface scores wrt ${rep}" > $here/${rep}.rmsds_scores.txt
		python ~/scripts/small_molecule/calculate_ligand_rmsd.py S_*${LIG}*.pdb.gz -n ${rep}.pdb.gz -c X -o $here/${rep}.rmsds.txt 
		echo "Pose interface_delta_X" > $here/${rep}.scores.txt
		for pdb in `tail -n+2 $here/${rep}.rmsds.txt | awk '{print $1}' | sed 's/.pdb.gz//g'` ; do
			score=`egrep ${pdb} ${LIG}.sc | awk -v score_col=$score_col '{print $score_col}'`
			echo $pdb $score >> $here/${rep}.scores.txt
		done
		paste $here/${rep}.rmsds.txt $here/${rep}.scores.txt >> $here/${rep}.rmsds_scores.txt 
	done ## clusters
	rm *_${LIG}_*.pdb.gz
	cd $here/
	python ~/scripts/docking_analyses/native_pose_recovery_metrics.py -scorefiles ${clusters_to_plot} -plot ${LIG}.png -summary ${LIG}.csv -x_term lig_sc_rms -y_term interface_delta_X
done  ## ligands





	python ~/scripts/docking_analyses/native_pose_recovery_metrics.py -scorefiles ${clusters_to_plot} -plot ${LIG}.png -summary ${LIG}.csv -x_term lig_sc_rms -y_term interface_delta_X
done  ## ligands


Similarity searching
align_to_6G3R.sh
#!/bin/bash
here=`pwd`

input_file=$1

bcl.exe molecule:Compare ${input_file} $here/../S_0473_6G3R_0029_ligand.sdf -output ${input_file%sdf}_aligned.output -add_h -message_level Standard -method "PsiFlexField
		(
    			output_aligned_mol_a = ${input_file%.sdf}_alignedto6G3Rdockedpose_A,
    			output_aligned_mol_b = ${input_file%.sdf}_alignedto6G3Rdockedpose_B,
    			rigid_mol_b = true
		)"




Common_substructure_searching.sh
#!/bin/bash

export BCL="/dors/meilerlab/apps/Linux2/x86_64/bcl/4.0.0/bcl.exe"
here=`pwd`
path_to_libraries="/hd0/smithst/smallmolecule_libraries"
tc_threshold="0.90" ## start at 0.75 because that's what I did for A8
#comp_type="CommonFragmentsTanimoto-rigid"
#comp_type="CommonFragmentsTanimoto-ECFPFragments"
comp_type="LargestCommonDisconnectedSubstructureTanimoto"
listof_libs=$1
#lib="VanderbiltDiscoveryCollection.clean.sdf.gz"

if [ "$listof_libs" == "debug" ]
	then 
	echo "RUNNING ON SHORT DEBUG LIBRARY TAKEN FROM FIRST TIME COMPOUNDS OF $path_to_libraries/Enamine_GPCR_Library_plated_54080cmds_20200524.clean.sdf.gz !!"
	listof_libraries="$here/listof_libraries_debug"
else
	listof_libraries="$here/listof_libraries"
fi 

cd $here/
mkdir -p $comp_type/
cd $comp_type/

LIG="6G3R"
#for LIG in `awk '{print $1}' $here/listof_ligands`; do ## 6G3R 6G3T
	mkdir -p ./${LIG}_matches/
	bash ~/scripts/small_molecule/corina_gen3d.sh $here/${LIG}.sdf $here/${LIG}.corina.sdf
	$BCL molecule:Filter -add_h -neutralize -defined_atom_types -3d -input_filenames $here/${LIG}.corina.sdf -output_matched $here/${LIG}.corina.cleaned.sdf -output_unmatched $here/${LIG}.corina.uncleaned.sdf -message_level Debug
#	for lib in `awk '{print $1}' $listof_libraries`; do 
		library_path="$path_to_libraries/$lib"
		if [ "$lib" == "VanderbiltDiscoveryCollection.clean.sdf.gz" ] 
			then prop="VU_NUMBER"
		elif [ "$lib" == "Enamine_GPCR_Library_plated_54080cmds_20200524.clean.sdf.gz"  ] || [ "$lib" == "debug_library.clean.sdf.gz" ]
			then prop="Catalog_ID"
		elif [ "$lib" == "LC_all_uniq.clean.sdf.gz" ] || [ "$lib" == "LC_GPCR_2D_Similarity_Focused_Library_Allosteric_Subset.clean.sdf.gz" ] || [ "$lib" == "LC_GPCR_Receptor_Based_Targeted_Library.clean.sdf.gz"  ]
			then prop="IDNUMBER"
		fi
		#bcl.exe molecule:Compare ${LIG}.corina.cleaned.sdf ${library_path} -scheduler PThread 8 -method LargestCommonSubstructureTanimoto -output ${LIG}_${lib}.csv -bcl_table_format
		#bcl.exe molecule:Compare $here/${LIG}.corina.cleaned.sdf ${library_path} -scheduler PThread 8 -method 'CommonFragmentsTanimoto((Rigid),atom comparison=Identity,bond comparison=Identity)' -output ${LIG}_${lib}.${comp_type}.csv -bcl_table_format
		${BCL} molecule:Compare $here/${LIG}.corina.cleaned.sdf ${library_path} -method ${comp_type} -output ${LIG}_${lib}.${comp_type}.csv -bcl_table_format

		blah=`wc -l ${library_path%.clean.sdf.gz}.txt | awk '{print $1}'`
		num_in_library=`expr $blah - 1`
		num_in_output=`tail -n1 ${LIG}_${lib}.${comp_type}.csv | tr '\t' '\n' | tail -n+2 | sed '/^$/d' | wc -l`

		if [ $num_in_library != $num_in_output ]
		then
			echo "${LIG}_${lib} HAS A PROBLEM!! library: $num_in_library, output: $num_in_output"
		else
			tail -n1 ${LIG}_${lib}.${comp_type}.csv | tr '\t' '\n' | tail -n+2 | sed '/^$/d' > ${LIG}_${lib}.tmp
			tail -n+2 ${library_path%.clean.sdf.gz}.txt > ${lib%.clean.sdf.gz}.txt.tmp
			paste ${lib%.clean.sdf.gz}.txt.tmp ${LIG}_${lib}.tmp | tail -n+2 | sort -r -nk2 > ${LIG}_${lib}.${comp_type}.combined.csv
			rm ${lib%.clean.sdf.gz}.txt.tmp  ${LIG}_${lib}.tmp
			awk -v tc=$tc_threshold '$2 >= tc' ${LIG}_${lib}.${comp_type}.combined.csv > ligands_from_${lib}.${comp_type}.withgreaterthan${tc_threshold}similarity_to_${LIG}.csv	
			num_matches=`wc -l ligands_from_${lib}.${comp_type}.withgreaterthan${tc_threshold}similarity_to_${LIG}.csv | awk '{print $1}'`
			echo "Found $num_matches for ${LIG} in ${lib}....."
			for match in `awk '{print $1}' ligands_from_${lib}.${comp_type}.withgreaterthan${tc_threshold}similarity_to_${LIG}.csv `; do 	
				#bcl.exe molecule:Filter -input_filenames ${library_path} -output_matched ${match}.sdf -property_has_string ${prop} ${match}
				cat ${library_path%.sdf.gz}/${match}.clean.sdf >> ${LIG}_matches/ligands_from_${lib}.${comp_type}.withgreaterthan${tc_threshold}similarity_to_${LIG}.sdf
			done ## match
		fi

#	done #lib
#done #ligand

		elif [ "$lib" == "LC_all_uniq.clean.sdf.gz" ] || [ "$lib" == "LC_GPCR_2D_Similarity_Focused_Library_Allosteric_Subset.clean.sdf.gz" ] || [ "$lib" == "LC_GPCR_Receptor_Based_Targeted_Library.clean.sdf.gz"  ]
			then prop="IDNUMBER"
		fi
		#bcl.exe molecule:Compare ${LIG}.corina.cleaned.sdf ${library_path} -scheduler PThread 8 -method LargestCommonSubstructureTanimoto -output ${LIG}_${lib}.csv -bcl_table_format
		#bcl.exe molecule:Compare $here/${LIG}.corina.cleaned.sdf ${library_path} -scheduler PThread 8 -method 'CommonFragmentsTanimoto((Rigid),atom comparison=Identity,bond comparison=Identity)' -output ${LIG}_${lib}.${comp_type}.csv -bcl_table_format
		${BCL} molecule:Compare $here/${LIG}.corina.cleaned.sdf ${library_path} -method ${comp_type} -output ${LIG}_${lib}.${comp_type}.csv -bcl_table_format

		blah=`wc -l ${library_path%.clean.sdf.gz}.txt | awk '{print $1}'`
		num_in_library=`expr $blah - 1`
		num_in_output=`tail -n1 ${LIG}_${lib}.${comp_type}.csv | tr '\t' '\n' | tail -n+2 | sed '/^$/d' | wc -l`

		if [ $num_in_library != $num_in_output ]
		then
			echo "${LIG}_${lib} HAS A PROBLEM!! library: $num_in_library, output: $num_in_output"
		else
			tail -n1 ${LIG}_${lib}.${comp_type}.csv | tr '\t' '\n' | tail -n+2 | sed '/^$/d' > ${LIG}_${lib}.tmp
			tail -n+2 ${library_path%.clean.sdf.gz}.txt > ${lib%.clean.sdf.gz}.txt.tmp
			paste ${lib%.clean.sdf.gz}.txt.tmp ${LIG}_${lib}.tmp | tail -n+2 | sort -r -nk2 > ${LIG}_${lib}.${comp_type}.combined.csv
			rm ${lib%.clean.sdf.gz}.txt.tmp  ${LIG}_${lib}.tmp
			awk -v tc=$tc_threshold '$2 >= tc' ${LIG}_${lib}.${comp_type}.combined.csv > ligands_from_${lib}.${comp_type}.withgreaterthan${tc_threshold}similarity_to_${LIG}.csv	
			num_matches=`wc -l ligands_from_${lib}.${comp_type}.withgreaterthan${tc_threshold}similarity_to_${LIG}.csv | awk '{print $1}'`
			echo "Found $num_matches for ${LIG} in ${lib}....."
			for match in `awk '{print $1}' ligands_from_${lib}.${comp_type}.withgreaterthan${tc_threshold}similarity_to_${LIG}.csv `; do 	
				#bcl.exe molecule:Filter -input_filenames ${library_path} -output_matched ${match}.sdf -property_has_string ${prop} ${match}
				cat ${library_path%.sdf.gz}/${match}.clean.sdf >> ${LIG}_matches/ligands_from_${lib}.${comp_type}.withgreaterthan${tc_threshold}similarity_to_${LIG}.sdf
			done ## match
		fi

#	done #lib
#done #ligand

ligands_from_${lib}.${comp_type}.withgreaterthan${tc_threshold}similarity_to_${LIG}.csv `; do 	
				#bcl.exe molecule:Filter -input_filenames ${library_path} -output_matched ${match}.sdf -property_has_string ${prop} ${match}
				cat ${library_path%.sdf.gz}/${match}.clean.sdf >> ${LIG}_matches/ligands_from_${lib}.${comp_type}.withgreaterthan${tc_threshold}similarity_to_${LIG}.sdf
			done ## match
		fi

#	done #lib
#done #ligand
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