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Abstract 

Multiscale Structural and Biophysical Studies of Protein-Compound Interactions 

Stephen Joseph Trudeau 

 

The recognition of small organic compounds and metabolites is essential for living 

systems, enabling the cell to sense environmental stimuli and respond appropriately. Developing 

quantitative models of living systems which can incorporate these environmental stimuli would 

accordingly benefit from comprehensive mapping of interactions between proteins and small 

molecules of interest. While high-throughput experimental methods provide a wealth of interaction 

data, the scale of chemical space currently precludes comprehensive enumeration of protein-

compound interaction space. Computational methods can help to bridge this gap by inferring 

proteome-scale protein-compound interactomes, elucidating structural features within protein 

families which mediate specificity of binding to specific small molecules, and inferring the affinity 

of binding for specific protein-compound interactions.  

In this thesis, we attempt to use, and in some cases develop, methods to study protein-

compound interactions at these three scales. First, we describe recent work in extending our 

structure-based algorithm for predicting protein-compound interactions throughout the proteome 

to include a wider array of small molecules. We demonstrate that this method performs comparably 

to existing methods and describe an online database storing the results of this analysis. We also 

report several case studies illustrating how this database can be used along with cautionary 

vignettes indicating areas where the method fails and directions for future improvement. We 

subsequently analyze druggable pockets occurring within protein-protein interfaces (PPIs) to 



 

 

assess whether they are less structurally conserved than analogous pockets of conventional drug 

sites. We find that PPI interfacial pockets are associated with fewer expected off-targets than 

conventional drug sites, however that this finding is specific to individual protein families, rather 

than a general feature of interfacial PPI pockets. Finally, we use Free Energy Perturbation to 

predict the binding affinity of an array of small volatile odorants with an olfactory receptor from 

the jumping bristletail, Machilis hrabei, as well as attempt to further optimize the system in order 

to study the effects of mutating receptor binding site residues on binding affinity to its active 

ligands. 
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Chapter 1: Introduction 

 

1.1 Protein-Compound interactions in Biological Systems 

The precise recognition and interaction of biomolecules is fundamental to the coordination 

of biological processes and enabling the cell to respond to environmental stimuli. On the 

macromolecular scale, complex networks of protein-protein interactions mediate the cell’s internal 

processes while tightly regulated interactions between proteins and nucleic acids control the cell’s 

transcriptional state1. Advances in high-throughput experimental methodologies have dramatically 

accelerated the process of cataloging protein-protein and protein-DNA interactomes in a wide 

range of organisms and experimental conditions. Yeast-two-hybrid2-4 and mass spectrometry5, 6 

methodologies have identified hundreds of thousands of protein-protein interactions (PPIs) while 

DNA-microarrays7 and CHIP-seq8, 9 have enabled genome-scale detection of protein-DNA 

interactions. Combined with additional context-specific data sources capturing transcriptional 

states10-12 and post-transcriptional modifications13, these interactions have enabled myriad 

computational strategies to unravel the systems used by cells to survive and adapt14-24. 

While elucidation of these macromolecular interactions allows us to identify the modules 

by which cells respond to stimuli, the stimuli themselves are often in the form of environmental 

small molecules and metabolites. Cells typically detect the presence of these small molecules via 

their interactions with proteins, simultaneously integrating numerous signals and directing the cell 

to respond accordingly25, 26. Such protein compound interactions (PCIs) act at multiple scales, 

playing roles key roles controlling metabolism and gene expression, directing proteins to their 

proper subcellular environments and detecting changes in the external environment. For example, 
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feedback inhibition of phosphofructokinase, a central glycolytic enzyme, is classically achieved 

through allosterically binding its downstream product, adenosine triphosphate27. Expression of lac 

operon genes associated with lactose utilization are regulated by proteins which interact with 

glucose, the cell’s preferred energy resource, and lactose, an alternative sugar used when glucose 

is lacking28. And peripheral membrane proteins, which recognize the precise phosphorylation 

patterns of membrane phospholipid headgroups, are recruited in response to external stimuli to the 

appropriate cellular surfaces29, 30. Given the numerous ways by which protein recognition of small 

molecules can modify cellular activity, inclusion of protein-compound interaction data into 

systems-level applications may facilitate the development of more realistic and quantitative 

models. 

 

1.2 Experimental Methods for Characterizing PCIs 

To effectively capture the influence of PCIs on cellular networks, comprehensive data 

characterizing PCIs at both proteomic and metabolomic scales are needed. To that end, numerous 

experimental methods have been developed to characterize the structural, thermodynamic and 

network characteristics of PCIs. Structural approaches such as X-ray crystallography31, cryo-

electron microscopy32, 33 and nuclear magnetic resonance34, though among the lowest throughput 

of experimental modalities, yield detailed structural models of PCIs which can reveal the physical 

basis of small molecule recognition and specificity. Quantitative affinity techniques such as 

isothermal titration calorimetry35 and surface plasmon resonance36 provide precise measurements 

of interaction affinities, characterizing the effective concentration range over which ligand binding 

is likely to be significant. Additionally, recently developed mass-spectrometry methods have 

greatly facilitated the characterization of PCI networks. Protein-centric methods such as MIDAS 
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simultaneously identify multiple metabolites which concentrate within a chamber containing a 

protein of interest relative to a control well separated by a semi-permeable membrane26, 37. In 

contrast, compound-centric approaches enable proteome-scale detection of proteins which interact 

with a compound of interest. Drug affinity responsiveness target stability (DARTS)38 and Limited-

Proteolysis Small Molecule Mapping (LiP-SMap)25, 39-41 use partial proteolysis of lysates from 

cells incubated with a test compound. Binding of a test compound sterically protects protease 

cleavage sites, resulting in novel peptides from ligand-bound proteins which can be used to identify 

the ligand binding sites proteome-wide. Similarly Stability of Proteins from Rate of Oxidation 

(SPROX)42-44 identifies methionine residues which are protected from hydrogen peroxide 

mediated oxidation in the presence of a small molecule. From these protected sites and the 

“conformotypic peptides” obtained from LiP-SMap, it is possible to infer both which proteins bind 

to a small molecule of interest as well as the likely binding site25, 40, 42-44. 

These and related methods have uncovered numerous previously unknown PCIs and 

suggest multiple mechanisms for cross-talk between metabolic pathways. Hicks et al. used MIDAS 

to identify 830 interactions between 33 enzymes involved in carbohydrate metabolism and a panel 

of 401 metabolites. In addition to uncovering cell-type specific regulation of lactate dehydrogenase 

by ATP, they found numerous interpathway protein-metabolite interactions involving key 

metabolic enzymes such as glucokinase, phosphofructokinase and isocitrate dehydrogenase26. 

Piazza et al. used LiP-SMap to identify over 1600 interactions involving 20 central carbon 

metabolites in the E. coli proteome, of which less than 14% were previously known25.  Moreover, 

they found that many PCIs occurred in proteins whose expression levels were relatively constant, 

whereas variably expressed proteins interacted with comparatively few metabolites, prompting 

them to suggest that transcriptional regulation of protein activity may be independent or even 
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mutually exclusive of metabolite-mediated regulation25. Results such as these hint at how 

incomplete our understanding of protein-compound interaction networks are and how much of 

protein-compound interaction space remains to be explored. 

 

1.3 Computational approaches to Protein-Compound Interaction Prediction 

Although the growth in experimental methods has generated a plethora of data, with drug-

like chemical space estimated to contain more than 1060 compounds, even state-of-the-art 

experimental approaches can sample only a tiny fraction of chemical space. Computational 

methods, while still limited in scope to billions of compounds, have the promise of filtering 

through chemical space more rapidly to prioritize PCIs for experimental validation. Traditional 

computational methodologies tend to fall largely into four broad categories, ligand-based, docking-

based, proteochemometric, and template-based with machine-learning and deep-learning 

methodologies increasingly applied to each of these domains. 

1.3.1 Ligand-based PCI prediction methods 

Ligand-based methods infer novel PCIs for a protein of interest by identifying compounds 

that are chemically similar to known binding ligands45. Approaches based on quantitative structure 

activity relationships (QSAR) attempt to identify common physical and topological properties of 

compounds that mediate interaction with a protein of interest46. Additionally, analysis of ligand 

binding ensembles has been used to identify relationships between proteins based on their shared 

pharmacology47. Such approaches have benefitted greatly from the development of machine 

learning methods ranging from Linear Regression Models48, Support Vector Machines49, Bayesian 

Neural Networks50, 51, Random Forest52, Self-Organizing Maps53, Convolutional Neural Networks 



 

 

5 

(CNNs)54 and Graph Neural Networks (GNNs)55 which enable automatic identification and 

weighting of the features which can most reliably be used to reproduce the training data. 

Ligand-based approaches are typically computationally efficient and scale well with 

chemical library size45. However, because they typically require a rich dataset of ligands that are 

known to interact with a protein of interest, their utility is often limited to proteins with existing 

chemical interaction data. As most proteins in the human proteome lack such data, integration with 

other methodologies, such as those described in section 1.3.4 and Chapter 2 of this thesis, are 

required to apply ligand-based methods proteome-wide. 

1.3.2 Docking and pose scoring methods 

Docking-based approaches sample and score protein-compound interaction poses to 

provide a quantitative estimate of binding affinity56-61. Application of such approaches to new 

proteins has historically been limited by the need for a high-quality structure, ideally an 

experimental holo-structure of the protein bound to another compound, as performance on protein 

apo-structures suffers from not accounting for protein structural rearrangements which occur on 

ligand binding58. However, this restriction has been somewhat alleviated by the recent 

development of methods which generate ensembles of protein structures to simulate protein 

flexibility and prioritize poses that are more conducive to ligand binding58, 62. Traditionally, 

scoring functions based on physical forcefields have been used to score the sampled poses56, 57, 60, 

however machine learned scoring functions based on random forests63-65 or neural networks66-68 

trained on binding site interatomic distances, and more recently, CNNs69-72 and GNNs73, 74 trained 

on PCI holo-structures directly, have been applied to infer binding affinities. Moreover, fingerprint 

methods, which identify interaction motifs and score putative interaction poses based on their 

similarity to a structural template, have shown great promise75-77. Such docking-based strategies 
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have enabled structure-based virtual screening of hundreds of millions to billions of small 

molecules against specific protein targets of interest and have discovered novel protein 

chemotypes78, 79. However, the computational costs of pose generation and scoring currently 

prevent docking methods from being applied at a proteome-scale. 

1.3.3 Proteochemometric Methods 

In contrast to ligand and docking-based methods, proteochemometric methods infer PCIs 

using independent protein and compound features. Algorithms such as REMAP80, COSINE81, 

NRLMF82, and MDMF2A83, formulate PCI prediction as a matrix factorization problem in which 

low-rank matrices representing abstract protein and chemical features are derived from protein 

sequence similarity and chemical similarity, respectively80. All pairwise protein-compound pairs 

can be efficiently scored by multiplying these low-rank matrices. 3D-REMAP augments REMAP 

with ligand binding site similarity and binding affinities for compounds of interest84, however the 

inclusion of this docking step limits the wider applicability to proteome-scale applications. 

Additional methods based on Bayesian Additive Regression Trees85, Support Vector Machines86, 

87, Random Forests87, CNNs88, 89 and large-language model embeddings of protein and compound 

features90 have also been developed. 

Because proteochemometric methods do not require pose generation for each PCI, they are 

potentially amenable to proteome-scale PCI prediction. Moreover, the embedding functions they 

use could, in principle, enable them to effectively encode and score large regions of chemical 

space. However, the transferability of these methods to proteins or compounds outside of their 

training sets remains unclear. Chen et al. found that performance of deep-learning 

proteochemometric models trained on ligands alone was statistically indistinguishable from 

models which included protein features89. They further noted that model weights for protein 
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features were tightly distributed around zero, whereas the ligand weights were more widely 

dispersed, suggesting that current methods are not effectively learning from protein features, rather 

exploiting hidden biases within the ligand dataset and are therefore unlikely to transfer to new 

proteins89.  

1.3.4 Template-Based PCI Prediction Methods 

In contrast, template-based approaches analyze protein surfaces and compare them to the 

structures of known compound binding sites. Such methods, though they do not capture the physics 

of protein-compound interactions with the fidelity of docking-based approaches, can rapidly scan 

databases of protein structures to identify surface regions similar to known binding sites in order 

to prioritize and orient subsequent docking and experimental follow-up. Unlike docking and 

ligand-based methods, template-based methods can readily scale to proteome-wide applications. 

Moreover, unlike proteochemometric methods which tend to characterize proteins via their 

primary structure or 2D contact maps, template-based methods fully utilize protein structural 

similarity, allowing for the detection of remote predictions that are not obvious by sequence while 

preserving interpretability and transferability. 

Our lab recently developed LBias and LT-scanner91, related template-based methods that 

identify novel protein-compound interactions by superimposing homology models onto 

experimental structures of PCIs taken from the Protein Data Bank (PDB). The similarity between 

the template and the model ligand binding sites is quantified using a custom metric called a SIM 

score which describes the degree to which the query could recapitulate the interactions made by 

the template protein with the compound. The FINDSITE suite of methods developed by the 

Skolnick group takes a similar approach92, 93, using threading to generate structural models of 

query proteins based on ligand-bound template structures and identifying the ligands bound to 
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evolutionarily conserved sites. However, whereas LT-scanner scores the similarity of the 

analogous sites on the query and target structures, FINDSITE uses chemical similarity of ligands 

identified in template binding sites as the basis of its scoring function.  

 

1.4 Specific Aims and Thesis Outline 

1.4.1 Specific Aims 

In this thesis, we aim to develop and apply methods to study protein-compound interactions 

at numerous scales. At the proteome-scale, we incorporate chemoinformatic measures of chemical 

similarity to extend LT-scanner to larger regions of chemical space. At the family level, we 

perform quantitative comparisons of protein surface pockets to assess whether PPI interfacial 

pockets are associated with fewer off-targets than conventional drug pockets. And finally at the 

individual PCI level, we use Free Energy Perturbation to study the ligand binding preferences of 

an insect olfactory receptor.  

1.4.1.1 Extension of proteome-scale PCI prediction method  

Our lab has previously developed LT-scanner91, a structure-based method for identifying 

novel PCIs based on structural similarity between protein models and template protein-compound 

holostructures in the PDB94. While LT-scanner was shown to be effective in retrospective 

benchmarking, it’s reliance on template holo-structures restricts its applicability to compounds 

which are already co-crystallized with at least one protein within the PDB. In this work, we aim to 

extend LT-scanner by integrating its predictions with chemical similarity metrics to increase the 

range of compounds which can be considered from the roughly 30,000 compounds in the PDB to 

over 6.8 million compounds. We perform several benchmarking studies to evaluate the reliability 
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of our predictions, provide several case studies of possible uses of this updated method and note 

cases where PrePCI provides seemingly implausible predictions which could be the basis of future 

work. 

1.4.1.2 Family level evaluation of the specificity of druggable binding sites within protein-

protein interfaces 

A recent analysis of the PDB identified over 160,000 pockets near and within PPI interfaces 

which are predicted to be druggable95. While the authors compared these pockets to those of 

conventional inhibitors, they did not indicate whether PPI pockets are any more structurally unique 

than conventional drug sites. If PPI pockets are indeed more structurally unique than conventional 

drug sites, drugs targeting PPI pockets may be able to do so more selectively with fewer off-targets 

and side-effects. We propose and apply a method for studying the similarity of PPI interfacial 

pockets within protein families to assess whether ligands targeting PPI pockets are likely to affect 

fewer off-target proteins than conventional active site drugs. We subsequently address possible 

shortcomings of the proposed approach and provide suggestions on improving the analytical 

method. 

1.4.1.3 Free Energy Perturbation analysis of the Machilis hrabei olfactory receptor, MhOR5 

Computational prediction of binding free energies is a long-standing goal of computational 

chemistry. In this thesis, we use free energy perturbation (FEP) to study the binding preferences 

of MhOR5, an olfactory receptor of the jumping bristletail, Machilis hrabei. First, we attempt to 

prospectively predict MhOR5’s binding affinities with a panel of small molecules associated with 

tuberculosis, malaria and Sars-CoV-2 infection. Secondly, we evaluate the impact of membrane 

lipid composition on the accuracy of protein mutation FEP in an effort to optimize a model system 

for additional prospective simulations. 
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1.4.2 Thesis Outline 

This thesis is organized as follows. In Chapter 2, we present the materials and methods 

underlying PrePCI, our structure-based algorithm for predicting protein-compound interactions at 

a proteome scale, as well as benchmarking analyses demonstrating its accuracy and comparing to 

other high-throughput computational methods. Building on our lab’s previous method, LT-

scanner91, we implement a chemoinformatic screen to identify novel compounds which are not 

present in the PDB but are similar to PDB compounds, and integrate chemical similarity scores 

with structure and sequence similarity scores using a Naïve Bayes framework called PrePCI. In 

chapter 3, we describe several case studies applying PrePCI to identify lead compounds for drug 

discovery, elucidate a potentially unrecognized drug mechanism of action and suggest a novel 

biological function via the prediction of protein-metabolite interactions. We also describe several 

case studies in which PrePCI provides implausible predictions to alert the user to possible pitfalls 

as well as suggest potential avenues for future development. In chapter 4, we analyze the structural 

uniqueness of druggable pockets within PPI interfaces of 6 protein families and estimate the 

number of off-target proteins which would likely be affected by drugs targeting these pockets. We 

compare the number of off-targets expected for these PPI pockets to the number of off-targets 

expected from conventional active site pockets. We find that druggable pockets in PPIs are 

associated with fewer expected off-targets than conventional active site pockets for 3 of the 6 

families, though we also note the several limitations of the data and methodological approach and 

discuss means of ameliorating these limitations in future work. In chapter 5, we perform more 

detailed biophysical studies of a specific protein system, the Machilis hrabei olfactory receptor 5 

(MhOR5), performing free energy perturbation studies to prospectively predict the binding of 

MhOR5 to an array of volatile odorants. We also test whether using different membrane lipids 
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improves retrospective free energy perturbation analysis of MhOR5 binding site mutations. Finally 

in chapter 6, we discuss limitations of the current work and discuss possible directions to proceed 

in the future. 
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Chapter 2: PrePCI – A structure- and chemical similarity-informed 

database of predicted protein-compound interactions 

The following two chapters are adapted from: 
Trudeau, S.J., Hwang, H., Mathur, D., Begum, K., Petrey, D., Murray, D., and Honig, B. (2023). 

PrePCI: A structure- and chemical similarity-informed database of predicted protein 

compound interactions. Protein Sci 32, e4594. 10.1002/pro.4594.96 

 

2.1 Introduction 

Over the following two chapters, we describe the development, evaluation and applications 

of PrePCI, an extension of our lab’s structure-based method for predicting protein-compound 

interactions at a proteome-scale. In this chapter, we review the resources and methods used in the 

development of PrePCI which expands our coverage of chemical space by over 200-fold. We then 

proceed to benchmark PrePCI in an unbiased manner against high-throughput PCI data obtained 

from the Pubchem bioactivity database, as well as on smaller, more curated datasets. PrePCI’s 

performance relative to other methods is evaluated on these datasets. Finally, the PrePCI database 

and web-application are described. 

 

2.1.1 Overview of PrePCI Algorithm 

The PrePCI algorithm is depicted in Figure 2.1 and consists of three components. Figure 

2.1A illustrates the sequence similarity component where a query protein sequence is matched to 

protein sequences from PDB template-compound complexes using BLAST. A query protein is 

predicted as a target of a compound which appears in a PDB complex based on the sequence 

alignment score of the query with the template protein (see Methods). Figure 2.1B illustrates the 
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structural component, mediated by the program LT-scanner91, in which a query protein is 

structurally aligned to a template complex in the PDB94 with the Ska program97. The 

transformation that aligns the two proteins is used to place the PDB compound in the coordinate 

frame of the query protein. The LT-scanner scoring function91 assesses the compatibility of the 

compound with the query protein by calculating a score based on the extent to which residues in 

the query binding site recapitulate the physicochemical interactions between the protein and 

compound in the template complex. The sequence similarity and LT-scanner calculations are 

performed to compare all query protein sequences and models against all PDB protein-compound 

templates. Figure 2.1C illustrates the chemical similarity component where PDB compounds are 

matched to topologically similar compounds from the PubChem database. Both PDB and Pubchem 

compounds are converted to molecular fingerprints representing the submolecular fragments 

present in each molecule98. These fingerprints are then quantitatively compared using the 

Tanimoto Coefficient (TC), or Jaccard Index, which represents the number of fragments the two 

compounds have in common, normalized by the total number of distinct fragments represented by 

the two compounds, i.e. the size of the intersection of the two sets normalized by the size of their 

union99. When the TC between a PDB compound and a Pubchem compound exceeds 0.5, the 

Pubchem compound is predicted to target the protein found by either sequence similarity (Figure 

2.1A) or LT-scanner (Figure 2.1B). A Bayesian procedure is used to integrate the sequence, 

structure, and chemical similarity scores for each query protein-compound prediction into a 

likelihood ratio derived from a true positive set of experimentally characterized PCIs. The scored 

PCI predictions comprise the PrePCI database (PrePCI/DB). 
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Figure 2.1: PrePCI algorithm for the prediction of protein-compound interactions.  

PrePCI uses BLAST and LT-scanner for the query protein (aqua sequence and model, left) to 

identify proteins within PDB protein-compound complexes that have (A) sequence and/or (B) 

structure similarity to the query. (C) Compounds predicted to bind the query are identified using a 

Tanimoto coefficient (TC) chemical similarity search of fingerprints representing the PDB 

compound and compounds from PubChem. In this example, the sequence and model for Paladin 

(PALD1) are matched to the PDB complex (PDB ID 4wu2) of Selenomonas ruminatum myo-

inositol hexaphosphate phosphohydrolase bound to the PDB compound I3P with BLAST e-value 

1.1 and LT-scanner score 0.61. A query compound from PubChem (CID 439444)) has TC = 0.5 

with the PDB compound. The LR for the interaction between PALD1 and the query compound is 

the product of the LRs from sequence, structure, and chemical similarity scores.  

 

2.2 Results 

PrePCI Training and Evaluation 

To evaluate PrePCI’s performance, a Naïve Bayes Classifier was trained using 10-fold 

cross-validation using a true positive set of PCIs with bioactivity data from PubChem100, 101. As 

described in Methods, the true positive set consists of 285K PCIs for 142K compounds and 2,926 

proteins. The negative set consists of 417M hypothetical PCIs between the 142K compounds and 

2,926 proteins for which PubChem provides no bioactivity data. For each of the ten folds, PrePCI’s 

performance was evaluated by ranking predictions by their overall likelihood ratio (LR) and 

computing the area under the receiver operator characteristic curve (AUROC) and the average 
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precision (or area under the precision-recall curve, AUPRC) (Figure 2.2). The resulting ROC and 

Precision-Recall curves are highly concordant, with mean AUROC and average precision of 

0.828±0.001 and 0.165±0.002, respectively. It is important to note that, due to the size of the 

negative set, the testing set is heavily imbalanced with negatives outnumbering positives by 

approximately 1400:1, corresponding to a random precision of 7x10-4. The average precision of 

0.165 therefore constitutes a substantial enrichment of true positive predictions and is likely an 

underestimate as many PCIs considered false positives presumably correspond to as yet 

unannotated true interactions.  

Moreover, in reviewing the experimentally known PCIs with low PrePCI scores 

corresponding to the high false positive region of the ROC curve, we found these PCIs are 

primarily cases where PrePCI could not identify a template compound that was both similar to the 

query compound and predicted to bind the query protein. Consequently, these PCIs could not be 

effectively scored, limiting the maximum AUROC we could obtain, as reflected in the sharp elbow 

in the ROC curve (Figure 2.2A). The region to the right of this elbow corresponds to a linear 

interpolation from the TPR/FPR associated with the least confident PrePCI prediction to the point 

(1,1), rather than assessing PCIs which were meaningfully scored. To evaluate PrePCI’s 

performance on its meaningful predictions, we recomputed ROC and Precision-Recall curves for 

each of the 10 folds, restricting the evaluation to PCIs where a template could be identified (see 

Methods). This restriction resulted in a true positive set composed of 204,919 PCIs and a true 

negative set of 62,414,150 PCIs, constituting 72% and 15% of the original true positive and true 

negative sets respectively. Evaluating only scored interactions yielded improved performance in 

AUROC and AUPRC to 0.936±0.001 and 0.235±0.002 with a more constant precision over most 

of the recall range (See Figure 2.S1 and related discussion). 
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Figure 2.2: PrePCI performance on Pubchem unbiased, all-against-all experimental protein-

compound data.  

(A) Receiver operating characteristic curve and (B) Precision Recall curve for each of the 10 folds 

of cross-validation for training and testing PrePCI on experimentally observed PCIs from 

PubChem.  Curves corresponding to the data fold which yielded the median area under the ROC 

curve (AUROC, A) and average precision (B) across all cross-validation folds are darker, while 

curves for remaining folds (lighter blue) are included to display the range of results obtained from 

the individual folds. PrePCI’s average AUROC and Average Precision on the PubChem dataset 

are 0.828±0.001 and 0.165±0.002 respectively. 
 

LT-Scanner and Sequence Similarity are Synergistic 

PrePCI performance was compared to the performance of classifiers using features based 

only on sequence similarity or LT-scanner alone. Sequence similarity outperforms LT-scanner and 

performs comparably to PrePCI, although PrePCI’s use of both enables superior performance 

(Figure 2.3). In ROC curve analysis, PCIs present in the PDB were excluded from LT-scanner 

testing, however a sequence identity cutoff was not implemented, therefore many of the sequence 

similarity targets are likely to be obvious and, thus, underlie the performance of the sequence 

similarity classifier. The unique feature of LT-scanner is its ability to identify non-trivial 

relationships. Indeed, as can be seen in Table 2.S1, LT-scanner identifies many more relationships 

than are available from sequence similarity alone. The combined use of sequence and structure 
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yields the greatest coverage of true positive PCIs without impairing performance as each method 

identifies PCIs not detected by the other at comparable LRs (Figure 2.3, Table 2.S1).  

 

Figure 2.3: Comparison of the performance of PrePCI, LT-scanner (Structure Similarity), 

and Sequence Similarity. 

(A) ROC and (B) Precision-Recall Curves comparing PrePCI (blue) to the performance obtained 

using LT-scanner 102 and sequence similarity (green) alone, where all pairwise PCIs within the 

PubChem Benchmarking set are ranked by the LT-scanner score and sequence similarity score. 

The average AUROC for PrePCI, LT-scanner and Sequence similarity are 0.828±0.001, 

0.825±0.001 and 0.816±0.002, respectively. The mean Average Precision for PrePCI, LT-scanner 

and Sequence similarity are 0.165±0.002, 0.095±0.001 and 0.150±0.002, respectively. 

 

 

 The Union of Homology Models and AlphaFold Structures as Targets Increases PCI Coverage 

 

PrePCI performance was evaluated with predictions for query structures from PrepMod, 

our lab’s in-house homology model database, versus a domain-level database of protein models 

extracted from AlphaFold 2.0102, 103 (AF/CDD, see Methods). As shown in Figure 2.4, performance 

is similar regardless of the query model database used. While the number of predictions is greater 

with AF/CDD versus PrePMod structures, the combination of the databases is synergistic and 

results in the highest number of PCI predictions (Table 2.S2) and best performance on both ROC 

and Precision-Recall Curve analysis (Figure 2.4). For example, as depicted in the first row of Table 

2.S2, in cases where the query model aligns well with the template complex (LT-scanner score ≥ 
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0.6), PrePCI-PrePMod predicts 64K PCIs and PrePCI-AF/CDD predicts 77K PCIs. The 

intersection of the two sets is 39K PCIs and the union Is 101K PCIs. 

 

Figure 2.4: Performance of PrePCI using different model databases. 

(A) ROC and (B) Precision-Recall curves obtained by 10-fold cross-validation using all pairwise 

PCIs within the PubChem Benchmarking set when PrePCI is restricted to structural predictions 

made using AF/CDD (green) or PrepMod alone (orange) as the model database. For comparison, 

the results from Figure 2 in which the highest LT-scanner score, irrespective of whether it was 

based on a PrepMod or AF/CDD model (blue), are included. The average AUROC obtained when 

using AF/CDD, PrePMod, and the combination are 0.828±0.001, 0.828±0.001 and 0.828±0.001 

respectively and the mean Average Precision were 0.163±0.002, 0.156±0.002 and 0.165±0.002 

respectively. 
  

 

PrePCI performance on Independent Docking Datasets  

To compare PrePCI to other structure-based PCI prediction methods, we benchmarked its 

performance on two commonly used docking benchmarks, the Directory of Useful Decoys-

Enhanced (DUD-E)104 and the Demanding Evaluation Kits for Objective In Silico Screening 2.0 

(DEKOIS 2.0)105. These datasets consist of proteins with associated active compounds which are 

known to bind the protein, and property matched decoy small molecules which do not bind the 

protein. Using leave-one-out cross-validation, PrePCI achieves a mean average precision of 

0.64±0.20 and a mean enrichment factor, EF0.01, of 51.0±12.5 across the 95 targets in DUD-E 
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(Figure 2.5A,B, Table 2.S3), while achieving a mean average precision of 0.62±0.19 and a mean 

enrichment factor, EF0.01, of 26.6±6.5 on across the 69 human targets in DEKOIS 2.0 (Figure 

2.5A,C Table 2.S4).  

 

Figure 2.5: PrePCI performance on DUD-E and DEKOIS 2.0 PCI datasets.  

Histograms indicating the distribution of (A) per-protein average precision for the DUD-E (blue) 

and DEKOIS 2.0 (orange) datasets and the distribution of EF0.01 for the DUD-E (B) and DEKOIS 

2.0 (C) datasets. 

 

We subsequently compared the per-protein performance of PrePCI to FRAGSITE93, 

FINDSITEcomb2.0 92 and Autodock Vina60 for all 95 human proteins in DUD-E using the Wilcoxon 

Signed Rank Test (Figure 2.6A, 2.6B, Table 2.S3). After correcting for multiple comparisons using 

a Bonferroni correction, we found that PrePCI significantly outperformed all three of these other 

methods (Table 2.1). Additionally, we trained PrePCI using the PCI data aggregated from 53 

human DEKOIS proteins, consistent with previous benchmarking studies for vScreenML106 and 

FRAGSITE93, and individually tested PrePCI on each of the remaining 20 human proteins in the 

DEKOIS 2.0 dataset. While PrePCI significantly outperformed vScreenML, performance was 

comparable to that of FRAGSITE and FINDSITEcomb2.0 after Bonferroni Correction (Table 2.1). 
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DUD-E EF DUD-E AUPRC DEKOIS EF 

Fragsite 20.07 (3.52E-13) 0.24 (2.51E-9) 7.68 (0.24) 

Findsite 24.96 (4.98E-18) 0.31 (1.79E-14) 8.45 (0.15) 

Autodock 47.25 (2.34E-16) 0.59 (3.41E-16) (-) 

vScreenML (-) (-) 16.00 (9.00E-4) 

 

Table 2.1: Mean difference in per-protein performance between PrePCI and other structure-

based PCI prediction methods using the DUD-E and DEKOIS datasets. 

For each protein from the test set indicated by the column label, the difference between PrePCI’s 

performance and that of Fragsite, Findsite, Autodock and vScreenML was computed as described 

in Methods. The average difference in performance is reported along with the Bonferroni adjusted 

p-value (defined as min(1, 9*p-value)) obtained using a Wilcoxon Signed Rank Test.  

 

It is important to note that the results reported for both FRAGSITE and FINDSITEcomb2.0 

were obtained using a template sequence identity cutoff of 30%, and therefore may not represent 

the optimal performance if these methods were permitted to use all available templates, including 

those with comparatively high sequence similarity. Because PrePCI relies on pre-computed 

homology models which are constructed using the best template available, we were unable to 

benchmark PrePCI using a similar sequence cutoff and therefore tentatively conclude that PrePCI 

likely performs similarly to FRAGSITE and FINDSITE. However, we emphasize that the size and 

accessibility of the PrePCI database renders it a particularly unique and comprehensive resource. 
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Figure 2.6: Comparison of PrePCI performance to other methods on the Directory of Useful 

Decoys-Enhanced (DUD-E) dataset on a protein-by-protein basis. 

(A) PrePCI tends to outperform FRAGSITE, FINDSITE and AutoDock Vina for most proteins in 

the DUDE dataset when evaluated using the Area Under the Precision Recall curve. PrePCI's 

outperformance is statistically significant using a Wilcoxon Signed Rank Test. (B) PrePCI’s 

outperformance is similarly significant when evaluated using the Enrichment Factor of the top 1% 

of predictions. 

 

The lower average precision value obtained from training with PubChem (0.16) compared 

to DUD-E (0.64) and DEKOIS  2.0 (0.62) is consistent with the expectation that highly imbalanced 

positive and negative sets lead to an underestimation of true positives. Specifically, the negative 

set is 1400 times as large as the positive set for PubChem whereas it is typically only 60 and 30 

times as large for DUD-E and DEKOIS 2.0, respectively. 

PrePCI Performance on an independent drug-target interaction gold standard data set 

To compare PrePCI to current state-of-the-art matrix factorization methods, we performed 

10-fold cross-validation with four benchmark datasets originally created by Yamanishi et. al.107 

and recently updated by Liu et al.83, where each dataset contains PCI data for a separate class of 

protein targets: Enzymes, Nuclear Receptors, GPCRs and Ion channels (Table 2.S5 and Methods). 

For each class we calculated scores for all possible protein-compound pairs and obtained similar 
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performance as with PubChem-derived data (Table 2.S6). Despite quite high AUROC scores, 

PrePCI performance is less impressive than the other methods that utilize many more tunable 

parameters and don’t rely on the availability of PDB template complexes (Table 2.S6). However, 

given the relative simplicity of PrePCI, its ability to provide interaction models for its predictions, 

and its proteome-wide applicability, its good performance within specific protein classes 

underscores its utility for more focused studies as illustrated in the following chapter. 

 

2.3 The PrePCI database – PrePCI/DB 

PrePCI predictions are available through a web-hosted searchable database (PrePCI/DB) 

at https://honiglab.c2b2.columbia.edu/prepci.html.  PrePCI/DB contains predictions for ~5 billion 

PCIs involving 6.8M compounds and 75,643 CDD domains representing 19,797 human proteins. 

Users can query the database for proteins (with UniProt Accession ID or gene name) or for 

compounds (PDB compound ID, PubChem CID or SMILES) to obtain PrePCI predictions for 

compounds and targets, respectively. Searching by protein will return a list of PDB compounds 

predicted to bind the protein by either structural similarity (Figure 2.1B), sequence similarity 

(Figure 2.1A), or both, along with the corresponding LT-scanner scores, BLAST e-values and 

PrePCI likelihood ratios (Figure 2.7). From our benchmarking results, we found that the LRs of 

1,400,000, 15,000 and 190 correspond to FPR values of 10-4, 10-3, and 10-2 respectively. While 

predictions with higher LRs are more likely to be correct, predictions with lower LRs can still 

present a rich resource of plausible novel PCIs, particularly those with high LT-scanner scores 

which are more likely to contain evolutionarily conserved local structural similarity and thus 

constitute novel PCIs which may not be apparent from sequence analysis alone. The “Click to 

view PCI” icon triggers the website to display interactive JSMol windows for visualization of the 

https://honiglab.c2b2.columbia.edu/prepci.html
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predicted binding interface as well the structural superposition of the query protein model and the 

PDB template complex. PDB-formatted files for both the interaction model and the structural 

superposition can be downloaded for further analysis including more detailed docking studies, as 

described in the following chapter. Additional similar compounds can be retrieved by clicking on 

the “Click to Find Other PCIs” icon which will open a new tab containing all PubChem compounds 

that are similar to the selected PDB compound. Together with the interaction visualization 

windows, this two-step procedure allows the user to evaluate predicted PCI interfaces before 

considering additional compounds likely to bind in a similar mode. Alternatively, users can query 

the database for a compound in the form of a PDB ID, PubChem CID or SMILES string. Case 

studies presented in the following chapter illustrate how both strategies – querying PrePCI/DB for 

predicted targets and for compounds – can be used to discover novel therapeutically interesting 

lead compounds and generate novel biological hypotheses. 
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Figure 2.7: PrePCI webpage output.  

Protein query search: (A) The top of the webpage displays search criteria and the number of PCIs 

predicted. (B) Two JSmol windows display the query protein-compound interaction model (left) 

and query-template superposition (right) which a user may manipulate. (C) A table displays the 

PDB compounds predicted to interact with the query protein and their corresponding LT-scanner 

scores, BLAST e-values and PrePCI LRs. PCIs for chemically similar compounds: The “Click to 

View PCI” triggers the webpage to display the interaction and superposition models (panel B) 

while “Click to Find Similar Compounds” opens (D) a new webpage listing PubChem compounds 

similar to the query PDB compound, which can in turn be used to search for target proteins via the 

“Click to Find PCI” button. 
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2.4 Materials and Methods 

Template and Model selection  

LT-scanner requires databases of query protein structure models and experimentally 

resolved holo-structures of protein-ligand co-complexes. To select a representative set of template 

PDB holo-structures, all PDB files in the PDB ligand expo (http://ligand-expo.rcsb.org/) were 

parsed to identify protein chains bound to ligands, and all chains were mapped to their respective 

UniProt IDs using the SIFTS database108, 109. Chains with more than one corresponding UniProt 

ID, commonly chimeric fusion proteins, as well as chains that did not map to a UniProt ID were 

excluded. X-ray crystal structures and cryo-EM structures with resolution less than 4A and 4.5A, 

respectively, were removed, and, when a PCI was represented more than once, the highest 

resolution complex was retained. This procedure yielded 55,994 unique template PCIs between 

17,705 proteins and 25,613 compounds after removing compounds with molecular weight < 200 

Da and fewer than 6 heavy atoms. 

 

Model Databases 

An essential component of LT-scanner is a database of structural models for most query 

proteins and their constituent domains in the human proteome. To date, we have relied on our 

PrePMod database of homology models18. For the human reference proteome102, 103, 110 

(https://www.uniprot.org/proteomes/UP000005640), structural models for full-length sequences 

and protein domains as defined by the conserved domain database (CDD)111 were constructed as 

follows.  

 

 

http://ligand-expo.rcsb.org/
https://www.uniprot.org/proteomes/UP000005640
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PrePMod 

BLAST112 was used to identify proteins in the PDB with sequences similar to the query 

sequence. For query-template sequence pairs with a BLAST e-value  ≤ 10-12, a homology model 

for the query sequence was created with Nest113, our lab’s in house algorithm which generates 

homology models from PDB template structures by iteratively mutating and refining residues in 

the template structure until the protein sequence is converted into the query protein. If no template 

was identified, remote sequence homologs within the PDB were identified by HHblits114 with 5 

iterations, and, if a template with an e-value ≤ 10-12 was identified, a homology model was created 

with Nest113. Otherwise, a homology model for the query sequence was not created. This process 

yielded PrePMod, a protein model database containing 76,816 domain models for 17,150 human 

proteins.  

AlphaFold/CDD (AF/CDD)  

Models for full length human query proteins were taken from the AlphaFold Protein 

Structure Database (AF)102, 103. Models for the constituent CDD domains for each of the proteins 

were excised from the full-length model sequence by retaining coordinates of atoms corresponding 

to residues defined as part of the domain by CDD. For proteins with more than 2700 residues, AF 

provides multiple sequence-redundant models by dividing the full-length protein sequence into 

overlapping 1400 residue long segments beginning every 200 residues. In such cases, multiple 

models may span the same domain. To identify a representative model for each domain in these 

cases, the pLDDT scores (the per-residue confidence metric) for each residue were summed across 

the CDD domains111 of each model which fully contained the domain. The model with the largest 

total pLDDT was chosen as the representative for each domain. This procedure yielded 89,645 

domain models for 20,526 proteins.  
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Altogether, the combination of PrePMod and AF/CDD provides 166,461 models for 

90,308 domains for 20,599 proteins. This constitutes a significant (~15-20%) increase in structural 

coverage which now includes at least one representative for nearly every coding gene in the human 

proteome110. 

 

Protein and Chemical Similarity Methods 

LT-scanner  

The LT-scanner algorithm which uses structure alignment to relate query proteins to PDB 

template complexes has been described previously and is illustrated in Figure 2.891. Briefly, the 

structure alignment program ska97 identifies templates (T) from PDB protein-compound 

complexes for a query protein model (Q). T and Q are considered structurally similar when their 

protein structural distance (PSD)97 is less than 0.8. The structural alignment performed by ska 

rotates Q into the coordinate frame of T, creating a putative interface between Q and the co-

complexed compound (C). Hydrogen atoms are added to T and Q using the Open Babel Package 

with a pH of 7 and standard pKas115. Four types of interactions between T and C, and Q and C, are 

identified according to the following definitions: 1) hydrogen bonds (distance < 3.5A between 

heavy atoms and angle > 120), 2) aromatic-aromatic (distance ≤ 5A), 3) ion pairs (distance ≤ 5A), 

and 4) van der Waals contacts (0.5*rvdW < distance < 1.2*rvdW) where rvdW is the sum of the van 

der Waals radii for the two interacting atoms as defined in the Open Babel parameter set. The 

extent to which Q is able to recapitulate the intermolecular interactions formed between T and L 

is calculated by a similarity score, SIM(QC, TC) defined as: 
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𝑆𝑄𝐶:𝑇𝐶 =  ∑ ∑ 𝑚𝑢𝑤𝑒−𝛾𝑟𝑢𝑤
2

𝑛𝑄

𝑤

𝑛𝑇

𝑢

 

𝑆𝐼𝑀(𝑄𝐶, 𝑇𝐶) =  
𝑆𝑄𝐶:𝑇𝐶

max (𝑆𝑄𝐶:𝑄𝐶𝑆𝑇𝐶:𝑇𝐶)
 

where u and w are indices of interfacial atoms of the template and query protein respectively, ruw 

is the distance between atom u and atom w, nT and nQ are the number of interfacial atoms in the 

template and query respectively,  is an adjustable weighting parameter empirically chosen to be 

0.7 and muw acts as a matching term which is 1 if atoms u and w are capable of forming a similar 

type of interaction (eg hydrogen bond donors) and 0 otherwise. Though distances for all pairwise 

combinations of template and query protein atoms are included in the S score, the use of the 

gaussian weighting term ensures that only pairs of atoms that are in geometrically similar positions 

significantly contribute to the S score, as the contribution of two distant atoms rapidly reduces to 

zero as interatomic distance increases. By normalizing STQ by max(STC:TC, SQC:QC), the resulting 

SIM score effectively counts the fraction of interactions made by the template that are recapitulated 

by the query while penalizing deviations in the position of analogous atoms (ie reducing STC:QC for 

atom pairs with ruw > 0 relative to the corresponding pair in STC:TC or SQC:QC) and without explicitly 

assigning template atoms to query atoms.  For each potential protein-compound interaction, the 

LT-scanner score is defined as the maximal observed SIM score between the query protein and the 

compound. LT-scanner was applied to both the PrePMod and AF/CDD model databases. In cases 

where PrePMod and AF/CDD contain models for the same protein/domain, the query model that 

obtains the higher LT-scanner score was included in the LT-scanner evaluation analyses (Table 

2.S2). 
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Figure 2.8: Overview of LT-scanner Algorithm.  

(A) LT-scanner begins with a set of structural models, including homology models, AlphaFold 

models and experimental structures from the PDB, for each query protein in the human proteome 

(orange protein) as well as a set of protein-compound template holo-structures (blue protein with 

green ligand). Query protein models are superimposed on template holo-structures using ska, 

thereby rotating the query protein into the same coordinate frame as the template and creating a 

putative interface between the query protein and the template ligand. (B) Interfacial atoms in the 

template (ti) and the query (qj) are identified as described in Methods. All pairwise distances 

between template interfacial atoms and query interfacial atoms (rij) are calculated and used as 

arguments for the LT-scanner SIM score described in Methods. Adapted from ref91. 

 

Sequence similarity  

For each of the structures in the holo-structure template database, BLAST was run using 

the sequence of the PDB chain as a query against the human reference proteome 

(UP000005640)110. For a given query PCI, the PDB template complex containing the query 

compound which yielded with the smallest e-value relative to the query protein was identified. The 



 

 

30 

PCI was assigned an interaction sequence score of –ln(e-value). E-values of 0 were re-assigned to 

1e-181, the smallest non-zero e-value obtained from the BLAST results, to prevent undefined 

scores. The sequence similarity component of PrePCI yields predictions for 17,864 proteins (Table 

S2.1).  

 

Chemical similarity 

Chemical structure data for ~110M compounds and 26K PDB compounds was obtained 

from PubChem100, 101 and the PDB94 in SMILES format116. Rdkit117 was used to compute 1024-bit 

Morgan2 fingerprints98 for each compound (Figure 2.9), and Tanimoto coefficients99 were 

computed for each PDB-PubChem compound pair. The reliability of inferring novel compounds 

from known compounds has been found to deteriorate below Tanimoto Coefficients of 0.5118 so 

only those pairs of compounds with TC ≥ 0.5 were retained, yielding 6,835,528 Pubchem 

compounds similar to at least one PDB compound associated with a protein co-complex structure. 

Overall, PrePCI provides predictions for these 6.8M compounds. 
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Figure 2.9: Overview of Morgan Chemical Fingerprint Algorithm.  

(A) Beginning with a small molecule of interest, a fixed length vector where each vector position 

denotes the presence of a specific molecular fragment is initialized with all zeros. (B) An atom in 

the molecule is chosen (circle) and the presence of the atom is marked as a one in its corresponding 

vector position. (C) A larger fragment is identified by considering atoms adjacent to the starting 

atom (circle) and the presence of this fragment is similarly denoted as a one in its respective 

position in the fingerprint vector. (D) This procedure of expanding the topological radius of the 

fragment is continued for a finite number of iterations and repeated for each atom in the molecule, 

yielding a bitvector fingerprint which denotes the specific fragments which comprise the molecule. 

Adapted from ref 98. 

 

Naïve Bayes Integration 

A Naïve Bayes Classifier was trained to integrate scores into a single likelihood ratio 

(Figure 2.1). For each query PCI, a reference PDB compound, defined as the PDB compound 

which has the highest TC with the query compound of all PDB compounds predicted to bind to 

the query protein by either LT-scanner or sequence similarity, was identified. The chemical, 

structural, and sequence scores are then defined as 1) the TC between the query compound and the 

reference compound, 2) the LT-scanner score for the query protein-reference compound pair, and 

3) the sequence score between the query protein and the most similar template protein from among 

complexes containing the reference compound, respectively. The number of bins was chosen as 
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10, 10, and 20 for chemical similarity, structural similarity, and sequence similarity respectively, 

with an additional NULL bin for each feature if no templates could be identified. The range of 

scores for each feature was divided into equal intervals based on the number of bins. Likelihood 

ratios for each feature and bin were computed as the ratio of the posterior odds and the prior odds 

that a given PCI is a true interaction: 

𝐿𝑅 =  
𝑂𝑝𝑜𝑠𝑡𝑒𝑟𝑖𝑜𝑟

𝑂𝑝𝑟𝑖𝑜𝑟
=

𝑃(𝑇𝑃|𝑏𝑖𝑛 𝑖)/𝑃(𝑇𝑁|𝑏𝑖𝑛 𝑖)

𝑃(𝑇𝑃)/𝑃(𝑇𝑁)
  

where P(TP | bin i) and P(TN | bin i) are the probabilities that a given PCI is a true positive or a 

true negative respectively given they are yield a score which corresponds to bin i and P(TP) and 

P3 are the prior probabilities that a random protein-compound pair is a true positive PCI and true 

negative respectively. This relationship can be inverted to eliminate the priors using Bayes 

Theorem to yield the following: 

𝐿𝑅 =  
𝑃(𝑇𝑃|𝑏𝑖𝑛 𝑖)/𝑃(𝑇𝑁|𝑏𝑖𝑛 𝑖)

𝑃(𝑇𝑃)/𝑃(𝑇𝑁)
=

𝑃(𝑇𝑃) ∙ 𝑃(𝑏𝑖𝑛 𝑖|𝑇𝑃)/𝑃(𝑏𝑖𝑛 𝑖)
𝑃(𝑇𝑁) ∙ 𝑃(𝑏𝑖𝑛 𝑖|𝑇𝑁)/𝑃(𝑏𝑖𝑛 𝑖)

𝑃(𝑇𝑃)
𝑃(𝑇𝑁)

=  
𝑃(𝑏𝑖𝑛 𝑖 |𝑇𝑃)

𝑃(𝑏𝑖𝑛 𝑖 |𝑇𝑁)
  

Which can be readily computed from training data as: 

𝐿𝑅 =  
𝑃(𝑏𝑖𝑛 𝑖 |𝑇𝑃)

𝑃(𝑏𝑖𝑛 𝑖 |𝑇𝑁)
=  

𝑁(𝑏𝑖𝑛 𝑖 𝑎𝑛𝑑 𝑇𝑃)
𝑁(𝑇𝑃)

𝑁(𝑏𝑖𝑛 𝑖 𝑎𝑛𝑑 𝑇𝑁)
𝑁(𝑇𝑁)

=
𝑁(𝑏𝑖𝑛 𝑖 𝑎𝑛𝑑 𝑇𝑃)  ∙ 𝑁(𝑇𝑁)

𝑁(𝑏𝑖𝑛 𝑖 𝑎𝑛𝑑 𝑇𝑁) ∙ 𝑁(𝑇𝑃)
  

The final likelihood ratio for a PCI defined as the product of the three component feature likelihood 

ratios: 

LR(PCI) =  ∏ LRi(bin(score))
i=chemical,
structure,
sequence

 

 



 

 

33 

PubChem Benchmarking 

Bioactivity data for each protein in the human proteome was downloaded as PubChem’s 

“Tested Compounds” data from the “Chemicals and Bioactivities Data” section100, 101. The data 

was filtered to retain active, nonredundant experimental PCIs defined as “Active” for the "activity" 

feature or “<” or “=” for the “acqualifier” feature. This process yielded 1,122,699 PCIs involving 

3,559 proteins and 642,498 compounds. Of the 642,498 PubChem compounds, 142,490 (22%) 

have Tanimoto Coefficient ≥ 0.5 with at least one PDB compound, and 2,926 of the 3,559 proteins 

have experimental evidence supporting an interaction with at least one of the 142,490 compounds. 

After filtering, the true positive set comprised 285,108 PCIs. The true negative set was defined as 

the remaining 416,640,632 possible PCIs (2926 proteins • 142,490 compounds – 285,108 true 

positives) not identified as true positives in Pubchem. 

In the above benchmarking approach, all pairwise protein-compound pairs were considered 

in the training and test set, irrespective of whether PrePCI is effectively able to make a prediction 

for the specific protein-compound pair. Consequently, there were many PCIs for which PrePCI 

could not identify a reference compound and accordingly could not score the protein-compound 

pair effectively. To better evaluate the accuracy of PrePCI’s predictions, we removed PCIs for 

which PrePCI does not make a prediction from the positive and negative sets which resulted in 

204,919 true positive PCIS and 62,414,150 true negative protein-compound pairs which are 72% 

and 15% the size of the original PubChem benchmark set. Further, to evaluate PrePCI’s 

performance using a more balanced dataset, we randomly sampled 2,049,190 of the 62,414,150 

true negative interactions such that ratio of negatives to positives in each fold was 10:1. 

In all three of the above cases, we split both the positive and negative sets into 10 mutually 

disjoint subsets and, using each subset in turn as a test set, trained LRs using the PCIs from the 
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remaining 9 sets as a training set. PCIs in the test set were scored and ranked by their composite 

LR, and the AUROC and average precision were computed using scikit-learn. 

 

Benchmarking on an independent docking Dataset 

Two widely used benchmarking datasets, the Directory of Useful Decoys Enhanced (DUD-

E)104 and the Demanding Evaluation Kits for Objective In Silico Screening 2.0 (DEKOIS 2.0)105, 

were used to further evaluate PrePCI and compare its performance to that of other existing 

methods. DUD-E and DEKOIS 2.0 contain PCIs for both active compounds and property matched 

decoy compounds. DUD-E contains 95 human proteins and over a million PCIs with 19K active 

compounds and 1.2M decoy compounds while DEKOIS 2.0 contains 69 human proteins and 87K 

PCIs with 2.6K active compounds and 77K decoy compounds. PCI active and decoy compounds 

for the 102 proteins in the DUD-E database were downloaded from 

http://dude.docking.org/db/subsets/all/all.tar.gz 104. PCI data for the proteins in the DEKOIS 2.0 

database was downloaded from http://www.pharmchem.uni-tuebingen.de/dekois/105. Because 

these datasets contain compounds whose maximal TC with a PDB compound is less than 0.5, 10 

additional chemical similarity bins were added to extend the range of TCs down to 0 so that 

predictions could be made for all PCIs in the datasets. 

Naïve Bayes classifiers were trained using leave-one-out cross-validation for the proteins 

in the DUD-E and DEKOIS 2.0 datasets where likelihood ratios were computed using active and 

decoy protein-compound pairs from all but one protein and evaluated on the active and decoy 

compounds for the protein withheld from training. PCIs with experimentally resolved structures 

in the PDB were included in training but excluded from test sets to remove recall bias. For each of 

the cross-validation folds, predictions for PCIs were ranked and ROC and precision-recall curves 

http://dude.docking.org/db/subsets/all/all.tar.gz
http://www.pharmchem.uni-tuebingen.de/dekois/
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were created using scikit-learn and matplotlib, and AUROC and average precision were computed 

using scikit-learn. In addition, the enrichment factor of the top 1% of predictions (EF0.01), a metric 

commonly used to estimate the degree to which true binders are enriched in the top-scoring 

predictions relative to random, was calculated as follows:  

𝐸𝐹0.01 =  
𝑁𝑡𝑜𝑝

0.01 ∙ 𝑁𝑎𝑐𝑡𝑖𝑣𝑒
 

where Ntop is the number of true positives recovered in the top 1% of predictions and Nactive is the 

total number of true positives in the test set. 

 

Benchmarking on an independent drug target interaction gold standard dataset 

To facilitate the comparative benchmarking of different protein-compound interactions 

within families, Yamanishi et al released a collection of 4 protein-compound interaction datasets, 

where each dataset contains experimental protein-compound interaction data for one of four 

protein classes, enzymes, ion channels, nuclear receptors and G-protein coupled receptors107. 

Updated versions of the protein class datasets compiled by Yamanishi et al.107 and updated in Liu 

et. al.83 were obtained from https://github.com/intelligence-csd-auth-

gr/DTI_MDMF2A/tree/main/datasets_mv. KEGG Compound IDs were mapped to SMILES 

strings using the Pubchem Chemical Identifier Exchange Service 

(https://pubchem.ncbi.nlm.nih.gov/idexchange/idexchange.cgi). KEGG protein IDs were mapped 

to Uniprot IDs using the Uniprot ID mapping tool (https://www.uniprot.org/id-mapping). PCIs 

present in each dataset were considered true positives while the remaining all-on-all protein-

compound pairs were considered true negatives. We performed 10-fold cross-validation for each 

protein class and calculated performance statistics. 

  

https://github.com/intelligence-csd-auth-gr/DTI_MDMF2A/tree/main/datasets_mv
https://github.com/intelligence-csd-auth-gr/DTI_MDMF2A/tree/main/datasets_mv
https://pubchem.ncbi.nlm.nih.gov/idexchange/idexchange.cgi
https://www.uniprot.org/id-mapping
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2.5 Supplemental Information 

 

Figure 2.S1: Performance of PrePCI predictions on unbalanced and balanced PubChem 

protein-compound interaction experimental data.  

We evaluated the PrePCI on true positive and true negative sets for which PrePCI makes is able to 

make predictions. This restriction reduced the size of the true positive set from 285,108 to 204,919 

PCIs and reduced the size of the true negative set from 416,640,632 to 62,414,150. A) Receiver 

operating characteristic curve and (B) Precision Recall curve for each of the 10 cross-validation 

folds using the restricted set of PCIs were obtained.  Curves for the median area under the ROC 

curve (AUROC, A) and average precision (B) across all cross-validation folds are darker, while 

curves for all cross-validation folds (lighter blue) are included to display the range of results 

obtained from the individual folds. PrePCI’s average AUROC and Average Precision on the 

PubChem dataset are 0.936±0.001 and 0.233±0.002 respectively. Figure S1A,B suggest that when 

PrePCI is able to identify a template PCI, it readily prioritizes positive interactions over negative 

protein-compound pairs thus adding confidence in the value of the database.  

Finally, because the assumption that all protein-compound pairs without bioactivity data are true 

negatives contradicts the application of identifying novel PCIs, we further subsampled the 

negative set of scored PrePCI predictions so that the ratio of negatives to positives in each fold 

was 10:1 to reflect the expectation that true positive PCIs are relatively uncommon and 

recalculated (C) ROC and (D) Precision-Recall curves for this more balanced dataset. The 

resulting ROC curves (Figure 2.S1C) are highly similar to those obtained by considering all PrePCI 
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predictions (Figure 2.S1A) with a mean AUROC of 0.935±0.001. In contrast, the PR curves 

dramatically improved, with mean average precision of 0.798±0.003. This reflects both PrePCI’s 

ability to prioritize true positive interactions over a wide range of protein targets, as well as the 

inflationary effect that restricting class imbalance by subsampling has on both the AUPRC and 

random precision. For practical purposes, we consider the results obtained by considering only 

PCIs which PrePCI can effectively score (Figure 2.S1A,B) as most representative of the 

predictions within the PrePCI/DB database.
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LT-scanner 

score 

threshold 

(LR) 

Sequence 

Threshold 

(LR) 

LT-scanner 

PCI 

Predictions 

Sequence 

PCI 

Predictions 

PCI 

predictions 

unique to 

LT-scanner 

PCIs predicted 

by BOTH LT-

scanner and 

Sequence 

PCI 

predictions 

unique to 

Sequence 

PCIs predicted 

by Union of 

LT-scanner 

and Sequence 

0.6 (141) 186.2791 

(135) 

101,121 62,153 72,173 28,948 33,205 134,326 

0.5 (42) 123.4186 

(26) 

258,498 115,905 197,085 61,413 54,492 312,990 

0.4 (10) 60.55799 

(10) 

675,105 423,786 446,875 228,230 195,556 870,661 

0.3 (3.8) 39.60446 

(4.0) 

1,566,204 749,001 1,040,624 525,580 223,421 1,789,625 

0.2 (2.1) -2.30259 

(2.2) 

4,449,502 2,385,839 2,652,348 1,797,154 588,685 5,038,187 

 

Table 2.S1: Comparison of the number of PCIs predicted by LT-scanner and sequence-based 

metrics at comparable LRs  

LT-scanner thresholds (Column 1) and Sequence similarity score thresholds (column 2) 

corresponding to similar LRs were identified. Columns 3 and 4 indicate the number of PCI 

predictions with LT-scanner scores and sequence similarity scores exceeding their respective 

threshold. Column 5 indicates the number of PCIs predicted by LT-scanner but not sequence 

similarity, and conversely, column 7 indicates the number of PCIs predicted by sequence similarity 

but not LT-scanner. Column 6 indicates the number of PCIs predicted with LT-scanner and 

sequence similarity scores greater than their respective thresholds (i.e. the intersection of sequence 

and LT-scanner predictions) while Column 8 indicates the number of PCIs predicted by either LT-

scanner or sequence similarity (i.e. the union of the LT-scanner and sequence similarity 

predictions).
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LT-

scanner 

threshold 

PCIs 

predicted 

by 

PrePMod 

PCIs 

predicted 

by 

AF/CDD 

PCI 

Predictions 

Unique to 

PrePMod 

PCIs predicted 

by both 

PrePMod and 

AF/CDD 

PCI 

Predictions 

Unique to 

AF/CDD 

Union of LT-

Scanner 

predictions with 

PrePMod and 

AF/CDD 

0.6 63,730 76,765 24,356 39,374 37,391 101,121 

0.5 153,660 210,225 48,273 105,387 104,838 258,498 

0.4 401,728 561,365 113,740 287,988 273,377 675,105 

0.3 1,044,492 1,313,141 253,063 791,429 521,712 1,566,204 

0.2 3,043,045 3,410,595 1,038,907 2,004,138 1,406,457 4,449,502 

 

Table 2.S2: Comparison of the number of PCIs predicted by LT-scanner using PrePMod 

and AF/CDD model databases. 

At different LT-Scanner LR thresholds (Column 1), the number of PCI predictions obtained using 

the model databases indicated are provided. Columns 2 and 3 indicate the number of PCIs 

predicted by LT-scanner using PrePMod and AF/CDD, respectively. Column 4 indicates the 

number of PCIs predicted when using PrePMod models that are not found with AF/CDD models 

and conversely, column 6 indicates the number of PCIs detected by AF/CDD and not PrePMod. 

Column 5 indicates the number of PCIs identified by both PrePMod and AF/CDD models (i.e. the 

intersection of PrePMod and AF/CDD predictions) while Column 5 indicates the total number of 

PCIs predicted by LT-scanner using both model sets (i.e. the union of PrePMod and AF/CDD 

predictions).   
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FRAGSITE FINDSITE_comb_2.0 AutoDock Vina PrePCI 

 
EF 0.01 AUPR EF 0.01 AUPR EF 0.01 AUPR EF 0.01 Average 

Precision 

aa2ar 0.21 0.02 0 0.01 1.87 0.03 58.75 0.7 

abl1 51.1 0.73 47.92 0.62 3.31 0.03 58.52 0.75 

ace 44.68 0.68 49.41 0.71 2.13 0.02 57.86 0.78 

aces 10.38 0.09 4.63 0.05 7.28 0.07 51.77 0.64 

ada 32.26 0.4 41.17 0.54 0 0.02 59.14 0.86 

ada17 62.03 0.8 38.58 0.48 2.82 0.02 62.45 0.77 

adrb1 6.07 0.07 3.24 0.03 4.45 0.04 55.47 0.59 

adrb2 15.58 0.11 6.5 0.05 0.43 0.02 45.22 0.47 

akt1 47.1 0.74 38.95 0.49 8.2 0.05 57.44 0.86 

akt2 50.43 0.76 43.65 0.52 18.83 0.11 53.98 0.65 

aldr 0.63 0.02 0.63 0.01 2.5 0.02 53.38 0.61 

ampc 4.17 0.04 0 0.04 0 0.01 (-) (-) 

andr 10.78 0.09 14.14 0.11 0 0.01 35.34 0.44 

aofb 0 0.02 0.82 0.01 1.64 0.04 18.18 0.19 

bace1 50.53 0.62 48.67 0.58 4.23 0.04 68.8 0.85 

braf 48.03 0.69 44.05 0.55 5.92 0.05 51.02 0.6 

cah2 0.41 0.02 0 0.01 2.24 0.02 53.45 0.65 

casp3 34.17 0.45 44.18 0.66 1 0.03 39.9 0.57 

cdk2 25.11 0.3 18.36 0.15 2.32 0.03 56.57 0.64 

comt 12.2 0.12 26.75 0.2 0 0.01 60 0.68 

cp2c9 42.5 0.5 26.55 0.3 4.98 0.06 14.17 0.13 

cp3a4 32.94 0.34 21.7 0.24 2.35 0.02 10.65 0.09 

csf1r 39.76 0.37 33.76 0.36 3.01 0.02 65.24 0.75 

cxcr4 42.5 0.27 0 0.03 0 0.01 37.5 0.39 

def 49.02 0.86 24.5 0.33 0 0.01 (-) (-) 

dhi1 0 0.01 0 0.02 0.91 0.02 48.32 0.53 

dpp4 4.5 0.03 8.08 0.05 0.38 0.01 67.82 0.72 

drd3 11.25 0.09 8.96 0.07 3.33 0.03 34.38 0.33 

dyr 23.81 0.13 26.84 0.27 3.9 0.03 66.67 0.81 

egfr 59.04 0.74 54.74 0.66 1.29 0.02 55.19 0.69 

esr1 21.41 0.3 12.04 0.1 1.31 0.03 56.6 0.87 

esr2 18.8 0.28 12.29 0.12 0.55 0.01 56.35 0.89 

fa10 13.41 0.18 11.34 0.15 5.39 0.08 55.43 0.89 

fa7 32.46 0.35 6.97 0.1 9.59 0.09 53.57 0.79 

fabp4 0 0.03 2.12 0.05 0 0.04 61.9 0.84 

fak1 50 0.9 44.59 0.69 0.99 0.02 55.67 0.95 

fgfr1 23.74 0.69 28.34 0.67 8.72 0.16 54.74 0.69 

fkb1a 4.5 0.03 0 0.05 1.81 0.03 53.15 0.9 

fnta 31.93 0.33 31.6 0.32 0.51 0.01 24.49 0.22 

fpps 56.47 0.6 55.34 0.54 0 0.01 65.82 0.69 
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gcr 29.07 0.34 34.21 0.34 0 0.01 41.8 0.45 

glcm 18.52 0.14 3.66 0.09 0 0.01 28.3 0.27 

gria2 34.81 0.35 44.9 0.43 3.79 0.02 29.3 0.27 

grik1 35.64 0.39 40.89 0.47 1 0.02 53.47 0.65 

hdac2 28.11 0.41 11.87 0.13 1.08 0.04 49.73 0.67 

hdac8 26.47 0.41 15.32 0.15 4.71 0.05 41.92 0.41 

hivint 0 0.03 0 0.01 1.01 0.02 (-) (-) 

hivpr 48.69 0.61 34.72 0.42 0.37 0.02 (-) (-) 

hivrt 2.37 0.05 1.18 0.02 0.89 0.02 (-) (-) 

hmdh 12.94 0.18 11.78 0.2 0 0.02 53.61 0.72 

hs90a 12.5 0.12 3.43 0.08 0 0.01 64.38 0.81 

hxk4 4.35 0.08 0 0.02 0 0.02 52.81 0.9 

igf1r 60.81 0.8 46.14 0.6 2.04 0.03 62.33 0.8 

inha 41.86 0.53 40.27 0.47 9.48 0.05 (-) (-) 

ital 40.58 0.5 25.44 0.21 0 0.02 60.45 0.62 

jak2 58.88 0.86 34.59 0.46 2.8 0.03 54.46 0.63 

kif11 0 0.02 0.86 0.03 0 0.01 64.49 0.9 

kit 43.37 0.6 50.06 0.6 1.81 0.02 56.71 0.7 

kith 50.88 0.99 51 0.94 21.1 0.19 45.61 0.54 

kpcb 29.63 0.37 48.3 0.54 17.09 0.17 39.26 0.47 

lck 54.29 0.68 47.85 0.58 6.9 0.05 54.81 0.74 

lkha4 13.45 0.16 8.2 0.11 1.17 0.04 57.83 0.89 

mapk2 36.63 0.42 27.94 0.33 6.98 0.06 62.24 0.77 

mcr 27.66 0.3 31.09 0.36 0 0.01 20 0.27 

met 54.22 0.67 39.78 0.47 8.44 0.08 69.75 0.9 

mk01 54.43 0.83 54.75 0.84 0 0.03 61.64 0.79 

mk10 47.12 0.61 41.36 0.51 2.89 0.02 42.27 0.49 

mk14 45.16 0.57 35.11 0.44 4.32 0.04 58.02 0.68 

mmp13 62.94 0.75 40.73 0.5 5.07 0.03 63.96 0.79 

mp2k1 41.32 0.44 23.87 0.18 0 0.01 53.72 0.61 

nos1 1 0.02 0 0.01 0 0.02 41 0.36 

nram 0 0.01 1.02 0.08 0 0.01 (-) (-) 

pa2ga 40.4 0.54 33.62 0.41 1.02 0.02 50 0.65 

parp1 34.45 0.44 26.02 0.33 14.98 0.12 56.97 0.66 

pde5a 61.06 0.8 68.39 0.85 0.75 0.01 46.97 0.49 

pgh1 4.1 0.04 2.05 0.02 1.02 0.02 30.77 0.28 

pgh2 6.44 0.04 5.28 0.04 3.44 0.03 41.01 0.4 

plk1 60.75 0.78 55.17 0.64 0 0.02 61.9 0.72 

pnph 62.14 0.77 57.87 0.73 0.96 0.02 65.05 0.7 

ppara 9.92 0.14 1.34 0.03 0.81 0.02 50.54 0.74 

ppard 17.08 0.17 7.06 0.08 2.08 0.04 47.03 0.63 

pparg 12.4 0.15 12 0.1 2.69 0.05 46.81 0.58 

prgr 10.58 0.11 18.13 0.14 1.03 0.03 33.68 0.41 



42 

 

ptn1 14.62 0.15 2.3 0.07 6.9 0.05 47.97 0.54 

pur2 38 0.64 54.88 0.96 2.03 0.08 51.06 0.62 

pygm 14.29 0.09 0 0.06 10.43 0.06 37.66 0.56 

pyrd 1.8 0.03 0 0.03 0 0.03 62.5 0.83 

reni 56.73 0.65 42.06 0.52 0.96 0.02 66.99 0.73 

rock1 49 0.64 44.98 0.53 1 0.03 38 0.46 

rxra 51.15 0.72 31.15 0.42 0.76 0.02 48.82 0.64 

sahh 55.56 0.98 55.76 0.96 0 0.01 52.38 0.79 

src 55.92 0.69 46.54 0.59 1.14 0.02 63.01 0.78 

tgfr1 60.9 0.84 54.33 0.68 5.28 0.03 64.57 0.77 

thb 4.85 0.05 0 0.02 0 0.02 66 0.69 

thrb 54.88 0.66 50.56 0.65 0.87 0.02 55.04 0.81 

try1 9.8 0.09 10.01 0.09 2.89 0.04 46.55 0.61 

tryb1 51.35 0.91 51.97 0.89 12.15 0.14 27.7 0.3 

tysy 14.68 0.29 10.16 0.11 2.77 0.04 53.7 0.77 

urok 54.32 0.7 27.79 0.31 0.62 0.02 45.86 0.62 

vgfr2 48.9 0.68 40.15 0.49 5.39 0.05 49.37 0.61 

wee1 43.14 0.65 31.12 0.43 61.27 1 61.39 1 

xiap 0 0.04 0 0.02 0 0.01 53.61 0.92 

 

Table 2.S3: AUPRC and EF performance of PrePCI, FRAGSITE, FINDSITEcomb2.0 and 

AutodockVina on the DUDE dataset.  

Bold values indicate the highest AUPRC or EF of the four methods for the corresponding protein. 

(-) indicates that the corresponding PDB file contains a non-human protein and we did not attempt 

to make predictions using PrePCI. aValues taken from Table S2 of reference 93. 
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PDB   vScreenMLa   FINDSITE 

comb 2.01   

FRAGSITEa   PrePCI  

3hng   10.3  25.8  20  27.50 

1hov   2.5  31  30  25.00 

3ny9   0  0  22.5  20.00 

3kk6   10.8  5.2  20  (-) 

1nhz   5.4  28.4  27.5  15.00 

1xp0   8.1  31  22.5  28.21 

1z11   0  10.3  7.5  0.00 

3tfq   8.6  0  0  30.77 

2oo8   5.1  28.4  25  25.00 

1b8o   7.50  28.4  27.5  (-) 

2w3l   5.5  15.5  10  30.00 

1hw8   24.6  5.2  30  30.00 

2afx   0  0  0  28.21 

3ewj   2.7  31  30  28.21 

3v8s   18  15.5  22.5  22.50 

3eml   7.7  0  10  25.64 

2z94   0  0  0  (-) 

1uze   21.4  10.3  5  25.00 

3klm   5.4  5.2  5  17.50 

2wcg   2.6  15.5  12.5  7.50 

1w4r   0  20.7  0  30.00 

1r4l   8.1  12.9  22.5  12.50 

1uou   0  0  0  27.50 

 

Table 2.S4: EF performance of PrePCI, FRAGSITE, FINDSITEcomb2.0 and vScreenML 

on the DEKOIS dataset.  

Bold values indicate the highest EF of the four methods for the corresponding protein. (-) indicates 

that the corresponding PDB file contains a non-human protein and we did not attempt to make 

predictions using PrePCI. aValues taken from Table 5 of reference 93. 
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SI Table 5 

Dataset Number of 

compounds 

Number of 

Proteins 

Number of 

Interactions 

Nuclear Receptor 54 26 166 

G-Protein Coupled Receptor 223 95 1096 

Ion Channel 210 204 2331 

Enzyme 445 664 4256 

 

Table 2.S5: Composition of the independent drug-target interaction gold standard set107  
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SI Table 6 

 

Method 

Dataset 

 
Nuclear 

Receptors 

G-Protein 

Coupled 

Receptors 

Ion 

Channels 

Enzymes 

MSCMF 0.882 0.962 0.982 0.961 

NRMFL 0.882 0.972 0.989 0.981 

GRGMF 0.891 0.978 0.988 0.982 

MF2A 0.884 0.978 0.989 0.983 

DRLSM 0.879 0.971 0.981 0.964 

DTINet 0.797 0.916 0.938 0.839 

NEDTP 0.846 0.953 0.981 0.97 

NetMD 0.818 0.96 0.985 0.966 

Multi2Vec 0.788 0.93 0.97 0.944 

MDMF2A 0.892 0.978 0.989 0.984 

PrePCI* 0.83 0.91 0.764 0.886 

Table 2.S6: Comparison of PrePCI performance to matrix factorization methods on the 

independent drug-target interaction datasets.  

AUROC results for the methods MSCMF, NRMFL, GRGMF, MF2A, DRLSM, DTINet, NEDTP, 

NetMD, Multi2Vec and MDMF2A taken from section S1 of Table 3 of Liu et. al.83 *PrePCI 

AUROCs obtained by considering all protein-compound pairs for which PrePCI makes a 

prediction. As a result, we obtain PrePCI scores for 135 (of 166) TPs and 917 (of 1,238) TNs on 

the nuclear receptor dataset, 138 (of 1,096) TPs and 2376 (of 20,089) TNs on the G-protein coupled 

receptor dataset, 605 (of 2,331) TPs and 4341 (of 40,509) TNs on the ion channel dataset, 1328 

(of 4,256) TPs and 41,635 (of 291,224) TNs on the enzyme dataset. This reflects a current technical 

limitation of PrePCI that, in restricting our focus to compounds with TC ≥ 0.5 with a template 

PDB compound, we are unable to make predictions for compounds with only non-structural 

evidence for an interaction. This limitation complicates direct comparison to matrix-factorization 

approaches as PrePCI cannot make meaningful predictions for most PCIs in the dataset, however 

our results suggest that for PCIs where PrePCI is able to make a prediction, it is of similar 

confidence to existing methods. 
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Chapter 3: Applications of PrePCI 

 

3.1 Introduction 

Having demonstrated PrePCI’s performance on retrospective benchmarking sets and 

compared it to other similar methods, we subsequently sought to apply PrePCI prospectively to 

common biological and pharmacologic tasks. To illustrate potential applications of the PrePCI 

database, we present a number of case studies where PrePCI is used to suggest novel lead 

compounds for cancer targets, infer a possible direct target underlying methotrexate’s mechanism 

of action and annotate protein function based on predicted interactions with cellular signaling 

molecules. Additionally, we present preliminary results integrating PrePCI and PrePPI to identify 

compounds predicted to bind at the interface of cancer master regulator binding proteins16, 23, 119. 

In all of the above cases, we focused particularly on PCIs with high structural scores but low 

sequence similarity scores to emphasize the contribution of structure in proteome-scale PCI 

prediction. However, although PrePCI is able to rapidly generate and score protein-compound 

interaction models, its use of rigid-body structural superposition to align pre-built homology 

models to template holo-structures can often yield interaction models which contain physically 

implausible features, such as clashing atoms, unpaired charges buried in hydrophobic patches and 

slightly misaligned binding sites. Thus, while the binding site of the derived model may share 

general structural similarity, an individual model may contain features which, if scored directly by 

docking or machine-learned scoring functions, may lead to erroneous predictions. For this reason, 

we believe PrePCI is most effectively applied as a hypothesis generation tool for identifying 

plausible structural relationships between proteins which can subsequently be evaluated more 
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rigorously using detailed computational and experimental techniques. As described below, we 

used a selection of physics-based methods from the Schrodinger suite of tools to more rigorously 

analyze several interesting PrePCI predictions.  

 

3.1.1 Additional tools for PCI docking and affinity estimation 

Rigid-body Docking 

Glide is a rigid-body docking program which iteratively samples numerous binding poses of 

flexible ligands within a fixed grid describing the protein receptor’s pharmacophoric 

environment56, 57. Because it treats the protein as rigid and does not sample the configurational 

space of the protein, Glide is very fast, capable of generating and scoring binding poses within 

seconds and making it an ideal method for screening large libraries of compounds against high-

confidence receptor geometries. The affinities predicted by Glide can be used to prioritize ligands 

for further analysis while the predicted binding mode can serve as an initial model for refinement. 

However, because rigid-body docking methods like Glide do not account for subtle structural 

changes that may occur upon ligand binding, inaccuracies in the receptor structure used for 

docking may lead to inaccuracies in both the predicted binding pose and affinity. We sought to 

mitigate such inaccuracies by preparing each interaction model in the presence of the ligand and 

performing a restrained minimization of the protein to relieve clashes prior to screening. However, 

for the most interesting PCIs, we used the following methods to sample protein configurational 

space more rigorously. 
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Induced Fit Docking with Metadynamics (IFD-MD) 

As mentioned above, protein side chains, and even backbones, can undergo significant 

reorientation relative to the unbound protein apo-structure upon ligand binding58. This 

reorientation can dramatically affect the accuracy of rigid-body docking methods which generally 

perform significantly better when using a ligand-bound holo-structure as the target receptor 

compared to using an apo-structure of the same protein58, 62. While the risk of using inaccurate 

query models in LT-scanner is likely mitigated through the use of multiple models for each protein, 

including homology models which can be based on holo-structure templates, it is still likely that 

most of the generated interaction models include some extent of steric clashing which, though not 

explicitly penalized in the LT-scanner scoring function, could interfere with more detailed 

biophysical simulations where ligand atoms might clash with the protein. 

To address these induced fit effects, we used Schrodinger’s Induced Fit Docking with 

Metadynamics (IFD-MD), a method which efficiently combines pharmacophore docking, 

molecular dynamics and energy-guided protein structure modeling to generate alternative protein 

conformations that more accurately capture the receptor geometry and binding pose for a given 

PCI58. IFD-MD has been rigorously benchmarked and found to identify the correct binding mode 

within its top 2 docked poses in 95% of cases58. Moreover, Free Energy Perturbation (FEP, see 

next section) studies based on IFD-MD derived initial poses have been found to accurately 

recapitulate ligand binding free energies in homology models when initially prepared with IFD-

MD120. While IFD-MD is able to predict the correct binding pose for a query PCI, its estimation 

of binding affinities is limited by its approximate treatment of entropic effects. To more accurately 

estimate binding free energies for the most interesting PCIs, we turned to the following method, 

free energy perturbation. 
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Free Energy Perturbation (FEP) 

Accurate estimation of binding free energies is one of the central goals of computational 

chemistry. While direct estimation of a protein-ligand binding free energy can, in principle be 

obtained through a statistical analysis of unbiased molecular dynamics calculations, the simulation 

times required to sufficiently sample the configurational space render such a direct approach 

intractable121. Enhanced sampling techniques which bias the simulation towards unsampled 

regions of configuration space can be used to sample energetically unfavorable phase spaces so as 

to map the full energy landscape121-123. However, in addition to large computational costs, these 

methods typically require significant effort to choose the effective biasing potential and reaction 

coordinates that are suitable to the studied system121. 

In contrast, Free Energy Perturbation (FEP) casts the problem of estimating binding free 

energies as a thermodynamic cycle in which an initial reference ligand, A is converted to a final 

ligand, B (Figure 3.1). As mentioned above, binding free energies between a protein and ligand A 

(∆GA) as well as between the protein and ligand B (∆GB) can in principle be estimated using long 

MD or metadynamic simulations. The difference between in binding free energies (∆∆GAB), 

between ∆GA and ∆GB then is simply ∆GB - ∆GA. However, it is more computationally efficient 

to simulate the alchemical conversion of ligand A into B both in solvent (∆GA->B
solvent) and when 

bound to the protein (∆GA->B
complex). Because free energy is a state function, the total free energy 

change around the thermodynamic cycle is zero and the sum of the free energy changes along each 

leg of the cycle can be rearranged to yield the change in binding free energy on converting ligand 

A to ligand B as follows: 
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0 = ΔG𝐵𝑖𝑛𝑑
𝐴 − ΔG𝐵𝑖𝑛𝑑

𝐵 + ΔG𝐶𝑜𝑚𝑝𝑙𝑒𝑥
𝐴→𝐵 − ΔG𝑆𝑜𝑙𝑣𝑒𝑛𝑡

𝐴→𝐵 , ∴ 

ΔΔG𝐵𝑖𝑛𝑑
𝐴→𝐵 =  ΔG𝐵𝑖𝑛𝑑

𝐵 − ΔG𝐵𝑖𝑛𝑑
𝐴 = ΔG𝐶𝑜𝑚𝑝𝑙𝑒𝑥

𝐴→𝐵 − ΔG𝑆𝑜𝑙𝑣𝑒𝑛𝑡
𝐴→𝐵  

Along each leg of the simulation, the free energy change for converting ligand A into ligand 

B in both the bound and the unbound form can be estimated using the Zwanzig equation124: 

ΔG𝐴→𝐵 = −𝑘𝑇𝑙𝑛 〈𝑒−
(𝐸𝐵−𝐸𝐴)

𝑘𝑇 〉𝐴 

where k is the Boltzmann constant and T is the temperature of the system. Thus, the free energy 

change of converting A to B is calculated as the ensemble average of the Boltzmann weighted 

difference in potential energies between state B and state A, over the trajectory of A. Modern FEP 

implementations, such as Schrodinger’s FEP+, sample from trajectories of both A and B and 

integrate the results using the Multistate Bennett Acceptance ratio125. To facilitate the numerical 

convergence of this simulation, in practice, the transformation from A to B is performed in a series 

of alchemical steps denoted by a λ parameter which varies the Hamiltonian of the system using the 

following formula: 

ℋ =  ℋ0 + 𝜆ℋ𝐴 + (1 − 𝜆)ℋ𝐵 

where ℋA represents the Hamiltonian of atoms that are representative of the initial protein-ligand 

A complex, ℋB similarly represents the Hamiltonian of the protein-ligand B complex and ℋ0 

represents the Hamiltonian of remaining atoms in the system which are not transformed over the 

simulation.  By slowly increasing the lambda parameter from 0 to 1, the Hamiltonian is gradually 

shifted from describing ligand A to ligand B. The intermediate alchemical states do not correspond 

to any physically realizable state, however the contributions of these states to the total binding free 

energy cancel in the thermodynamic cycle, and therefore do not influence the final result beyond 

smoothing the numerical calculation. 
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Figure 3.1 Relative Binding Free Energy Perturbation Thermodynamic Cycle.  

Direct calculation of the change in binding free energy of ligand B (green) relative to ligand A 

(orange) to a common receptor protein (cyan), ∆∆G, is recast as the difference in free energy 

obtained by the alchemical conversion of ligand A to ligand B in complex with the protein (right) 

compared to converting ligand A to ligand B in bulk solvent (left). This conversion proceeds 

through a series of alchemical steps controlled by the parameter, λ (left), which gradually converts 

the Hamiltonian describing the system from ligand A to ligand B. 

 

By converting ligand A to ligand B as described above, Relative Binding FEP (RBFEP) is 

able to calculate the difference in free energy associated with a protein binding ligand A compared 

to binding ligand B. To calculate the absolute binding affinity for compound A, compound B can 

instead be modeled as a dummy ligand whose interactions are completely decoupled from the rest 

of the system. Under this model, the state where the protein is bound to ligand B and the protein 

is not bound to ligand B are physically identical, thus ∆GB
Bind = 0 and ∆GA

Bind = ∆GA->B
solvent - 

∆GA->B
complex. This approach is called Absolute Binding Free Energy Perturbation (ABFEP). In 
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practice, positional restraints and additional states in the thermodynamic cycle may be needed to 

achieve reliable results with ABFEP126.  

FEP and related alchemical techniques like thermodynamic integration127 have been used 

effectively to estimate the ligand solvation free energies128, enzyme kinetics129, relative binding 

affinities of small molecule congeneric series120, 130, 131, and to predict the effects of mutations on 

protein-protein binding affinities132 and in antibody design133. In this chapter, we use ABFEP to 

estimate the binding affinity of select PCIs of interest. In chapter 5 we use RBFEP to estimate the 

relative binding affinities for several congeneric series of ligands against a shared protein target, 

the Machilis hrabei olfactory receptor 5 (MhOR5) as well as to assess the effect of mutating 

MhOR5 binding pocket residues on the binding affinity to the small molecule, eugenol. 

 

3.2 Results  

3.2.1 Lead compound discovery 

One area in which we expect PrePCI is particularly well-suited is in the identification of 

novel lead compounds for therapeutic targets of interest. These lead compounds may initially have 

low affinity and lack complex modifications which may confer selectivity but provide an initial 

scaffold which can be optimized to inhibit specific protein targets of interest. 

 

3.2.1.1 Lead compound discovery – ACOT4 

We used PrePCI to search for compounds predicted to bind to peroxisomal acyl-coenzyme 

A thioesterase 4 (ACOT4), a lipid metabolism enzyme which catalyzes the cleavage of acyl-

coenzyme A to coenzyme-A (CoA) and free fatty acids. A recent study found that pancreatic ductal 

adenocarcinoma cells are dependent on free CoA generated by ACOT4 while knockdown and 
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catalytic inactivation of ACOT4 impaired tumor formation and proliferation, suggesting ACOT4 

as a possible therapeutic target134. Notably, while no PCIs are predicted for ACOT4 on the basis 

of sequence similarity, structural alignment identified 41 PDB compounds with LT-scanner scores 

≥0.3. We chose to focus on C1E (Figure 3.2.A) due to its relatively high LT-scanner score (0.39) 

and the diversity of similar compounds in PubChem for screening (80 with TC <0.7). The C1E-

ACOT4 interaction was predicted based on the crystal structure of C1E complexed with a 

Burkholderia xenovorans C–C hydrolase (PDB ID 2RHT, Chain A). Glide56, 57 was used to dock 

C1E into both ACOT4 and the template protein structure as a control, which yielded favorable 

glide scores of −7.1 and −10.1 kcal/mol, respectively, indicating C1E is a reasonable lead for 

ACOT4. The 80 similar compounds were similarly analyzed using Glide and among the best 

scoring ligands was Pubchem CID 11197037 (Figure 3.2) which Glide predicted to bind ACOT4 

with an affinity of -9.2kcal/mol. The predicted binding mode of CID 11197037 positions a 

benzaldehyde ring in a pose similar to the template while the remainder of the compound provides 

additional contacts and more fully occupies ACOT4's active site. We subsequently performed IFD-

MD to optimize the predicted ACOT4-small molecule interaction model and used AB-FEP to 

estimate the binding affinity of the interaction which yielded estimated binding affinity of -9.4 

kcal/mol. We anticipate further refinement of 11197037 will enable the identification of more 

potent ACOT4 binders. 



54 

 

 

Figure 3.2: Lead compound discovery for ACOT4  

PrePCI guided structure-based virtual screening. (A) PrePCI predicts 41 PDB compounds bind to 

ACOT4 with LT-scanner score ≥0.3, including C1E (top). In silico screening of C1E and similar 

compounds identifies PubChem CID 11197037 as a possible binder (bottom). (B) The docking 

pose (left) is depicted as a cyan backbone ribbon for the target (ACOT4) and space-filling 

representation for the compound (11197037). The diagram (right) highlights atomic interactions 

predicted by docking. 

 

3.2.1.2 Lead compound discovery – MORC2 

We used a similar strategy to identify lead compounds for Microrchidia 2 (MORC2), an 

ATPase involved in epigenetic silencing and transcriptional regulation135, whose aberrant activity 

has been implicated in hepatic and gastric malignancies136 as well as neurodegenerative conditions 

including Charcot-Marie Tooth Disease135. The ATPase domain of MORC2 is required for the 

epigenetic suppression of Hippo signaling, which has been shown to play critical roles in inhibiting 

hepatocellular carcinoma (HCC)137. Therefore, MORC2-ATPase inhibitors, which may serve to 

reactivate Hippo signaling, have been suggested as a novel approach for HCC therapy137. PrePCI 
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predictions for MORC2 can be leveraged as structural models for more in-depth computational 

screening and optimization. 

PrePCI/DB provides 62 novel compounds with LT-scanner scores ≥ 0.6 for MORC2, none 

of which is predicted by sequence similarity and, thus, constitute predictions based solely on 

structural evidence. Among the top scoring compounds are the drug-like PDB ligands 4ER 

(PubChem CID 97399) and 4EU (PubChem CID 73852) (Figure 3.3.A). The LT-scanner models 

for MORC2/4ER and MORC2/4EU provide a springboard for computational chemical screening 

of 1,175 PrePCI identified compounds with the docking software Glide56, 57. PubChem compound 

139687723 was predicted as the highest affinity ligand with a GlideXP score of –10.0 kcal/mol, 

which exceeds the predicted affinity with ATP, MORC2’s natural ligand (-9 kcal/mol). A second 

round of screening using compounds retrieved from PubChem that are structurally similar to 

139687723 yielded a compound (PubChem ID 146549823) with a predicted Glide binding affinity 

of -15 kcal/mol. The docked complex, depicted in Figure 3.3.B, highlights the five hydrogen bonds 

and the salt bridge between the compound and MORC2, and provides a model for further 

pharmacologic optimization.  
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Figure 3.3: Lead compound discovery for MORC2.  

A) Chemical structures of PDB template compounds 4ER and 4EU (left), Pubchem compound 

139687723 (center) and Pubchem compound 146549823 (right). B) Predicted three dimensional 

(left) and two-dimensional interaction diagram of the MORC2-146549823 interaction. 
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3.2.2 Study of protein-metabolite interactions for protein functional annotation  

Many peripheral membrane proteins transiently associate with membrane surfaces by 

recognizing phosphatidylinositol phosphates, such as PI(4,5)P2 (PIP2) and PI(3,4,5)P3 (PIP3)29, 

30, 138. Structural studies have elucidated the binding mode of a wide array of protein domains to 

the head groups of PIP2 and PIP3 (denoted here by their PDB IDs, I3P, and 4IP), which appear as 

non-covalent ligands in 46 and 27 PDB complexes, respectively. PrePCI predicts over 400 targets 

for each (LT-scanner score of at least 0.3), many of which are novel. Figure 2.1 illustrates an 

example of a novel I3P target. Paladin was previously annotated as an inactive protein phosphatase 

but is predicted by PrePCI to bind to I3P through its first protein-tyrosine phosphatase-like domain, 

suggesting Paladin may be a lipid, rather than protein, phosphatase. Consistent with this prediction, 

Paladin was recently identified as a PIP2 phosphatase through a colorimetric screen for phosphate 

in the presence of PIP2139. As depicted in Figure 2.1, PrePCI also predicts that Paladin binds 

Ins(1,4)P2 (PubChem CID 439444), a compound chemically similar to I3P which corresponds to 

the head group of PI4P. Since PI4P is the product of 5-phosphatase activity against PI(4,5)P2, the 

prediction that Paladin binds the head groups of both reactant (PI(4,5)P2) and product (PI4P) 

suggests that Paladin may be a 5-phosphatase. As a cautionary note, PrePCI predicts that Paladin 

also binds 4IP (Ins(1,3,4,5)P4) albeit with a lower LR (93 for 4IP vs. 315 for 3IP). Additional 

computational and experimental analysis is required to determine whether Paladin is a PIP2 

phosphatase, a PIP3 phosphatase, or both. 

The integration of PrePCI with high-throughput lipidomic assays provides structural 

annotation of protein–lipid interactions, boosts confidence in the discovery of novel binders and, 

thus, expands phosphatidylinositol phosphate interactomes. Two studies used mass spectrometry-

based methods to identify PIP3-binding proteins in HeLa cells140 and human platelets141. In both 
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cases, PrePCI predicts 45% of the 30 highest scoring and 25% of all PIP3 binders as 4IP targets 

(Table 3.S1). Of 21 proteins annotated as known binders140, PrePCI predicts all 21 with LRs 

ranging from 100 to 690 K. Mass spectrometry and PrePCI jointly identify 16 of the known PIP3 

binders as well as an additional 70 potentially novel PIP3 interactors (Table 3.S1). 

3.2.3 Elucidation of drug mechanism of action 

The DeMAND algorithm is a network-based approach to elucidating drug mechanism of 

action as defined by a compound's direct and indirect targets (effectors and modulators) through 

the analysis of cellular perturbation gene expression profiles142. The integration of DeMAND and 

PrePCI predictions can identify direct targets and off-targets of compounds within particular 

cellular contexts on a genome-wide scale. For example, high-scoring predictions in both 

DeMAND and PrePCI for methotrexate (a chemotherapy agent and immune-system suppressant) 

and genistein (a flavonoid in clinical trials as a treatment for prostate cancer) recapitulate known 

targets and highlight potential off-targets in diffuse large B cell lymphoma cells (Table 3.S2).  

The WW domain-containing oxidoreductase (WWOX) is predicted as a novel target of 

methotrexate. WWOX has been shown to regulate susceptibility of squamous cell carcinoma to 

methotrexate, and small interfering RNA against WWOX blocked methotrexate-mediated cell 

death143 supporting the plausibility of WWOX as a direct target. Following the same strategy that 

was used for ACOT4, we performed rigid body docking of methotrexate into our homology model 

for WWOX to obtain an initial pose and docking energy estimate. This initial pose was 

subsequently refined using IFD-MD followed by ABFEP yielding a predicted binding free energy 

of -8.0 kcal/mol, further supporting the possibility that WWOX is a direct target of methotrexate 

with roughly micromolar affinity (Figure 3.4). Another example is Polo-like kinase 1 (PLK1) 
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which is predicted as an off-target of genistein, which was shown to function as a mitotic blocker 

by directly inhibiting PLK1 activity in transformed cells144 supporting PLK1 as a direct target. 

 

Figure 3.4 Comparison of template and predicted WWOX-methotrexate binding mode. 

(A) Methotrexate binding pose with Trypanosoma cruzi Pteridine Reductase 2 (PDB 1MXF) 

prepared using Schrodinger Protein Preparation Wizard with default settings. (B) Methotrexate 

binding pose with human WWOX obtained from ABFEP. One of two aromatic interactions made 

in the template is preserved in WWOX along with additional hydrogen bonds with terminal 

hydrophilic groups.  

 

3.2.4 Prediction of Ligands binding at Protein-Protein Interaction Interfaces 

Additionally, because LT-scanner identifies specific binding sites for each of its 

predictions, it is possible to evaluate whether two binding sites are predicted to overlap. Of 

particular interest to our lab is the co-occurrence of ligand and PPI binding sites as such sites could 

potentially be targeted to disrupt PPIs with small molecules145. We performed a preliminary 

analysis, looking at high confidence LT-scanner predictions (LT-scanner score > 0.4) with limited 

sequence similarity (e-value > 1) which occur at binding sites composed of at least 5 residues and 

which, when aligned to a PPI predicted by PrePPI, positions the ligand inside the partner protein 

(at least 50% of ligand heavy atoms within 2A of a protein heavy atom). We focused specifically 
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on cases where the PCI protein was a predicted to bind recently defined cancer master regulators119, 

with the hypothesis that disrupting the interaction of these proteins with cancer master regulators 

might disrupt cancer homeostasis145. Table 3.S3 includes all of the 475 PrePCI predictions meeting 

the above criteria we were able to identify.  

One notable example involves the kinase and master regulator BAZ1B. PrePPI predicts 

that BAZ1B interacts with a protein called PHIP via PHIP's bromodomain while PrePCI predicts 

that PHIP binds to the compound 5XL via its bromodomain, positioning 5XL within the predicted 

BAZ1B binding site (Figure 3.5). More rigorous evaluation of this and additional predictions in 

Table 3.S3 using the techniques described above could enable pharmacological targeting of master 

regulator proteins by interfering with the proteins they are likely to interact with. While Table 3.S3 

outlines only a subset of possible cases, a more systematic analysis comparing LT-scanner binding 

sites and PrePPI/Predus predicted binding sites could enable lead identification for PPIs of clinical 

interest. 
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Figure 3.5 PrePCI interaction model of putative BAZ1B-PHIP interaction disruptor, 5XL 

in complex with PHIP. 

Unrefined structural model of PHIP (cyan) superimposed on the PB1 bromodomain of PBRM1 in 

complex with the ligand 5XL (green, PDB ID 5FH7). PHIP conserves interactions made between 

the template protein, including a pi-pi interaction to structurally conserved phenylalanine residues 

(upper cyan dashed lines), a halogen hydrogen bond to a backbone carbonyl oxygen (purple dashed 

line) and is predicted to form an additional pi-pi interaction with a neighboring tyrosine (cyan 

dashed line). 
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3.3 Limitations of PrePCI structural predictions 

Additional limitations of PrePCI’s structural predictions of which the user should be aware 

became apparent during the preparation of the above vignettes.  First, because LT-scanner 

compares the binding interfaces of individual protein chains, it can yield high scoring predictions 

for compounds which are experimentally observed to bind adjacent to protein-protein interfaces 

that are present in the template PDB complex. While LT-scanner detects the high structural 

similarity with one chain in the template, it is currently unable to penalize the query PCI for lacking 

additional contacts provided by the second protein chain and can thus predict interactions that 

appear visually implausible in the absence of the partner protein. We observed such a case in the 

analysis of a prediction for the protein RHOBTB2. In this example, the sequence and model for 

RHOBTB2 are matched to the PDB complex of the BCL6 BTB-domain bound to PDB compound 

TJ3 (PubChem CID: 137350052, PDB ID 5mwd, Figure 3.6) with BLAST e-value 0.022 and LT-

scanner score 0.84, respectively. Despite the strong LT-scanner score of 0.84, visual inspection of 

the putative PCI illustrates that roughly half of the small molecule contacts the RHOBTB2 

molecule while the remaining half appears exposed to solvent (Figure 3.6B). We speculate that 

this feature of LT-scanner can be leveraged to identify compounds which can bind at protein-

protein interfaces and act as molecular glues, however implementing this within the PrePCI 

pipeline is left to future work.  
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Figure 3.6 PrePCI predictions at PPI interfaces.  

(A) Surface representation of Bcl6 homodimer (gray surface) in complex with ligand TJ3 (PDB 

5MDW). (B) Alignment of RHOBTB2 (cyan) to one of the Bcl6 homodimer chains. This 

interaction yields a high LT-scanner score (0.84) despite a poor e-value (0.22), suggesting a high 

degree of structural similarity, However, without additional stabilizing contacts provided by the 

second chain (orange), half of the small molecule is entirely exposed to solvent instead of buried 

as in (A). Consequently, it is unlikely that TJ3 binds RHOBTB2 unless RHOBTB2 both forms a 

heterodimer and shares high structural similarity with Bcl6 at the second binding site (orange 

chain). 

 

Second, the protein models provided by PrePCI lack metal ions, cofactors and compounds 

which can play central roles in ligand binding. Accordingly, subsequent analysis without 

accounting for the presence of these ions can lead to misleading results. We observed such a case 

when searching for drug repurposing opportunities for the anti-diabetes drug, nateglinide 

(PubChem CID: 5311309), and retrieved ALKBH4, a dioxygenase involved in the demethylation 

of actin and the promotion of cell migration146. ALKBH4 has recently been shown to promote 

tumorigenesis in non-small cell lung cancer147, and its knockdown induces G1 cell cycle arrest and 

abrogates proliferation, suggesting repurposing of nateglinide or its optimized derivatives as a 

possible therapeutic strategy for treating NSCLC. The prediction for ALKBH4/nateglinide arises 

from the chemical similarity between nateglinide and the PDB compound NDF (TC = 0.52; Figure 
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3.7A) which was predicted to bind ALKBH4 by LT-scanner (score = 0.29) based on the similarity 

between ALKBH4 and the template complex HIF1AN/NDF (PDB ID: 1yci, chain A).  Moreover, 

LT-scanner predicts that nateglinide would bind directly to key catalytic residues in ALKBH4’s 

active site147 and could therefore act as an inhibitor. Docking simulations with Glide in the absence 

of the bound iron ion predicted a modest affinity of NDF for HIF1AN (score -5.5 kcal/mol) and a 

stronger affinity of nateglinide for ALKBH4 (score –6.3 kcal/mol) which was increased upon IFD-

MD (score -8.5 kcal/mol). Nevertheless, visual inspection of the binding mode of the template 

ligand, NDF, with the template protein, HIF1AN, showed that NDF bound to HIF1AN by 

coordinating a bound iron ion using its terminal carbonyl and carboxylate groups. Nateglinide in 

contrast, lacks a terminal carboxylate group and therefore is less likely to be a true interactor as it 

would be unable to coordinate ALKBH4’s active site iron ion in the same manner as NDF. This 

case underscores the importance of carefully reviewing predicted interactions for metal ions or 

cofactors which may be absent from the query model as well as confirming that essential chemical 

warheads in the reference compound are preserved in the predicted compound. 
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Figure 3.7 PrePCI predictions lack metal ions.  

Chemical structures of (A) NDF and (B) Nateglinide, both of which were predicted to bind to 

ALKBH4 by PrePCI. (C) PDB Structure 1YCI, displaying the coordination of a bound iron ion 

via NDF’s (green) carbonyl and carboxylate groups. Analogous groups are missing from 

Nateglinide, undermining the prediction that nateglinide binds ALKBH4. 

 

Third, the Tanimoto coefficient measures overall topological similarity and may therefore 

identify compounds lacking critical interacting functional groups or with large changes in physical 

features such as net charge. The user is therefore encouraged to review the template PDB complex 

on which the prediction was based to verify whether the query compound lacks features which 

could make the predicted interaction more or less plausible. 

 

3.4 Discussion 

We have presented the PrePCI algorithm, and a corresponding database PrePCI/DB, which 

integrates protein structure and chemical and sequence similarity to predict protein compound 

interactions (Figure 2.1). PrePCI is an extension of our template-based PCI prediction algorithm, 
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LT-scanner91, which identifies protein targets of small molecules present in the PDB94. The LT-

scanner query model database has been updated with structures from the AlphaFold Protein 

Structure Database102, 103 providing essentially complete structural coverage for all human protein-

coding genes. In addition, PrePCI uses chemical compound similarity based on Tanimoto 

coefficients among chemical fingerprints to link PDB compounds to compounds in PubChem, 

which has the effect of increasing the number of compounds that can be explored by more than 

200-fold. The increased structural coverage of the human proteome and the expanded chemical 

space have enabled the evaluation of over 5 billion protein-compound pairs, each with component 

scores and an overall likelihood ratio that allow users to prioritize predictions. While this 

constitutes a significant expansion over our previous work, it still excludes many compounds 

which are dissimilar from those in the PDB but for which non-structural bioactivity data is 

available. Integration of PrePCI scores with machine learning methods could enable further 

expansion into chemical space while preserving structure-based and proteome-scale predictions. 

Finally, PrePCI achieves high precision for binary classification on large-scale bioactivity data 

(Figures 2.2, 2.S1) strongly suggesting that many novel interactions may be present among the 

most highly ranked predictions in the negative PCI dataset. While PrePCI does not currently 

attempt to predict the strength of the affinity of the predicted interaction, it may be possible to 

modify its scoring function to enable affinity prediction. This could be attempted using rapid pose 

scoring methods like RF-score or graph neural networks to score the interaction models generated 

by LT-scanner, or alternatively using machine learning to predict corrections to the affinity 

measurements reported for the template used by LT-scanner based on the degree to which the 

template binding interface is reproduced by the query protein (i.e. the LT-scanner score) as well 

as the degree of similarity between the template and query compounds (i.e. Tanimoto Similarity). 
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We have demonstrated how PrePCI can be used for common medicinal chemistry tasks, 

such as the identification of small chemical fragments as lead compounds for structure-based 

virtual screening (Figures 3.2, 3.3) or elucidation of a drug’s mechanism of action (Figure 3.4), as 

well as the generation of biological hypotheses by detecting novel protein-metabolite interactions 

(Figure 2.1). Importantly, for compounds present in the PDB94, PrePCI generates 3D interaction 

models and predicts interfacial residues.  Given how they are constructed, the models are expected 

to be crude but can be refined with various docking strategies as illustrated above. While an 

interaction model is not created for a PCI predicted by chemical similarity, the predicted compound 

can be cross-docked to the template PDB compound binding site in the underlying LT-scanner 

model. In this regard it is important to emphasize that PrePCI is primarily intended for hypothesis 

generation. PrePCI/DB, which encompasses scores for 5 billion protein-compound pairs involving 

6.8 million compounds and 19,797 protein targets, is a conveniently accessible structure-informed 

resource to search for compounds that potentially bind a given protein or, alternatively, proteins 

that are potential targets of a given compound.  

 

3.5 Methods 

Rigid Body Docking 

An initial putative interaction model of each PCI described above was created by 

structurally aligning the query protein to the template protein using ska97. These files are easily 

downloadable directly from the PrePCI website. Structures of both the template protein and the 

query protein were prepared in the presence of the template ligand using the Protein Preparation 

Wizard in Maestro version 13.1 using default settings with the following modifications. 
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- Converge heavy atoms to RMSD 1A (increased from 0.3A) 

- Cap termini  

- Fill in missing chains (attempts to model any missing residues in the protein structure using 

Schrodinger’s PRIME software) 

Receptor grids representing the pharmacophoric properties of the binding surface were generated 

around the template ligand, setting all neighboring groups as rotatable with other settings taken as 

the defaults.  

Ligand structures were prepared using Ligprep: PDB ligands were prepared from directly 

from their coordinates and chirality was inferred from 3D structure; screening compounds were 

prepared from SMILES strings and all combinations of chiral centers were generated to expand 

diversity of the screening pool. All docking was performed with flexible ligand sampling using 

the XP scoring function56, 57. 

 

IFD-MD 

An interaction model for the top-ranking Glide pose for each PCI was created by merging each 

protein structure with the ligand pose. This complex model was then used as an initial structure 

for non-covalent IFD-MD, including running Forcefield Builder to compute missing forcefield 

parameters for the ligand but otherwise using default settings.58 

 

AB-FEP 

The top ranked pose generated by IFD-MD for each protein-compound pair was subsequently 

imported in to the FEP+ graphical user interface in Maestro. “Absolute” was chosen for the 

“Calculate Binding Free Energy for:” setting. Simulations were run with 150mM NaCl and 

otherwise default settings, using a μVT ensemble with 5ns simulation time and 1ns MD simulation 

time.120, 130   
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3.5 Supplemental Information 

A 

Uniprot Gene Score LT-

scanner 

BLAST 

evalue 

Total LR 

Q14644 RASA3 30.51584 0.39 1.00E-11 128.1 

O15530 PDPK1 28.95214 1 2.00E-87 1,082,187.3 

Q86UU1 PHLDB1 27.537 0.9 0.0004 22,278.0 

Q15283 RASA2 26.21455 0.36 3.00E-13 128.1 

Q8WWN8 ARAP3 23.20361 0.34 0.007 116.1 

Q86SQ0 PHLDB2 23.17382 0.49 0.000002 303.7 

Q12965 MYO1E 21.90983 0.38 NA 18.3 

O43739 CYTH3 21.6186 0.72 0 4,216,057.6 

Q14185 DOCK1 20.11523 0.29 NA 10.3 

Q15438 CYTH1 19.31744 0.82 0 8,273,341.1 

Q92766 RREB1 18.87752 0.23 NA 10.3 

Q8TCU6 PREX1 17.36272 0.44 9.00E-96 25,229.0 

Q9UQC2 GAB2 16.15195 0.33 0.00001 116.1 

Q15057 ACAP2 15.44187 0.36 3E-07 116.1 

Q8N1I0 DOCK4 14.74634 0.3 NA 18.3 

Q53GA4 PHLDA2 14.54022 0.25 NA 10.3 

Q13480 GAB1 13.88568 0.35 0.00002 116.1 

Q9BZ29 DOCK9 13.69255 0.31 0.003 116.1 

Q9NYT0 PLEK2 13.55231 0.51 0.000003 1,281.0 

O00159 MYO1C 12.1674 0.35 NA 18.3 

P42680 TEC 11.95643 0.49 2.00E-32 1,408.3 

Q9HB19 PLEKHA2 11.39867 0.47 5E-08 303.7 

Q9HD67 MYO10 10.606 0.43 1E-07 303.7 

Q9HB21 PLEKHA1 9.810463 0.53 3.00E-13 1,413.1 

Q9UPU7 TBC1D2B 9.754505 0.37 NA 18.3 

Q9UH65 SWAP70 9.55796 0.38 0.000007 116.1 

Q99418 CYTH2 9.0366 0.59 3.00E-

179 

475,732.4 

P98082 DAB2 8.734033 0.36 NA 18.3 

Q86WG5 SBF2 7.7552 0.43 0.0001 303.7 

Q8WZ64 ARAP2 7.626003 0.36 0.0001 116.1 

O94875 SORBS2 7.359731 0.21 NA 10.3 

O43795 MYO1B 6.119768 0.34 NA 18.3 

Q96P48 ARAP1 5.860523 0.33 0.00001 116.1 

Q9UBS4 DNAJB11 5.825011 0.2 NA 3.3 

Q01082 SPTBN1 5.094771 0.28 0.16 65.4 

Q8N8S7 ENAH 5.023512 0.34 NA 18.3 
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P31751 AKT2 4.28438 0.39 5.00E-54 714.0 

Q96PK6 RBM14 3.925916 0.2 NA 3.3 

Q9HAU0 PLEKHA5 3.571351 0.31 3.00E-32 538.2 

O95248 SBF1 3.277 0.37 0.00002 116.1 

O60942 RNGTT 3.154942 0.31 NA 18.3 

Q9Y6Q9 NCOA3 3.143484 0.22 NA 10.3 

Q06124 PTPN11 2.737641 0.33 NA 18.3 

Q13112 CHAF1B 2.581469 0.29 NA 10.3 

 

B 

Uniprot Gene Score LT-

scanner 

BLAST 

evalue 

Total LR 

Q06187 BTK 3109.1 0.89 3.00E-98 1,850,436.9 

Q14644 RASA3 2083.6 0.39 1.00E-11 128.1 

Q9UN19 DAPP1 777.1 1 7.00E-73 687,828.5 

Q9Y2L6 FRMD4B 554.8 0.28 NA 10.3 

P42680 TEC 522.7 0.49 2.00E-32 1,408.3 

Q99418 CYTH2 384.3 0.59 3.00E-

179 

475,732.4 

Q15438 CYTH1 171.5 0.82 0.00E+00 8,273,341.1 

Q15027 ACAP1 133.8 0.41 3.00E-05 303.7 

O43739 CYTH3 132.1 0.72 0.00E+00 4,216,057.6 

Q92556 ELMO1 131.2 0.21 NA 10.3 

Q15283 RASA2 131 0.36 3.00E-13 128.1 

Q8WXE9 STON2 115.6 0.31 NA 18.3 

Q86UU1 PHLDB1 106.9 0.9 4.00E-04 22,278.0 

Q14185 DOCK1 75.8 0.29 NA 10.3 

Q8WWN9 IPCEF1 69.7 0.25 5.00E-10 72.1 

O15530 PDPK1 46.3 1 2.00E-87 1,082,187.3 

Q9HB19 PLEKHA2 45.2 0.47 5.00E-08 303.7 

O75689 ADAP1 42.1 0.46 4.00E-03 303.7 

Q15057 ACAP2 40.3 0.36 3.00E-07 116.1 

Q8WWW8 GAB3 37.1 0.37 1.00E-07 116.1 

Q9UQC2 GAB2 34 0.33 1.00E-05 116.1 

B0I1T2 MYO1G 24.8 0.27 NA 10.3 

O00159 MYO1C 15.6 0.35 NA 18.3 

Q9UPU7 TBC1D2B 15.6 0.37 NA 18.3 

P49757 NUMB 15 0.32 NA 18.3 

Q96P48 ARAP1 14.8 0.33 NA 18.3 

Q04837 SSBP1 10.7 0.21 NA 10.3 

P31751 AKT2 10.2 0.39 5.00E-54 714.0 

P98082 DAB2 10.1 0.36 NA 18.3 
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Q12965 MYO1E 10 0.38 NA 18.3 

O75791 GRAP2 9.9 0.23 NA 10.3 

O00160 MYO1F 8.9 0.28 NA 10.3 

Q8NEU8 APPL2 7.8 0.26 4.00E-02 65.4 

Q9HB21 PLEKHA1 7.4 0.53 3.00E-13 1,413.1 

O75563 SKAP2 7.3 0.33 NA 18.3 

Q14155 ARHGEF7 6.8 0.21 NA 10.3 

Q5JSH3 WDR44 6.5 0.24 NA 10.3 

Q13884 SNTB1 5.9 0.26 7.80E-01 65.4 

Q13480 GAB1 5.4 0.35 2.00E-05 116.1 

O00560 SDCBP 4.6 0.26 NA 10.3 

Q05655 PRKCD 4.6 0.32 NA 18.3 

Q01968 OCRL 4.5 0.26 NA 10.3 

Q92608 DOCK2 4.3 0.23 NA 10.3 

Q99961 SH3GL1 4.3 0.25 NA 10.3 

Q15052 ARHGEF6 2.9 0.26 2.70E-02 65.4 

O60229 KALRN 2.7 0.29 NA 10.3 

Q9Y6R0 NUMBL 2.6 0.35 NA 18.3 

Q96HC4 PDLIM5 2.3 0.22 NA 10.3 

P29122 PCSK6 2 NA 4.80E+00 10.2 

Q13613 MTMR1 1.9 0.28 NA 10.3 

Q8N4B1 FAM109A 1.8 0.39 NA 18.3 

P31749 AKT1 1.8 0.91 4.00E-71 469,820.8 

O60674 JAK2 1.5 0.25 NA 10.3 

P18433 PTPRA 1.2 0.3 NA 18.3 

P51452 DUSP3 0.8 0.41 NA 47.9 

Q9BPZ7 MAPKAP1 0.6 0.25 NA 10.3 

B2RTY4 MYO9A 0.6 0.22 NA 10.3 

Q96QR8 PURB 0.5 0.24 NA 10.3 

Table 3.S1. PrePCI predicted binders of Ins(1,3,4,5)P4 (PDB id: 4IP).   

Tables 3.S1.A and B provide the intersection between PrePCI predicted 4IP binders with LT-

scanner score ≥ 0.3 and experimentally observed PI(3,4,5)P3 binders with scores defined in the 

respective papers140, 141. Proteins in bold are known PIP3 binders140. 
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Uniprot Gene compound demand fdr LT-
scanner 

BLAST 
evalue 

Total LR 

P11586 MTHFD1 methotrexate 9.55E-05 0.59 4.00E-58 14,685.6 
P00374 DHFR methotrexate 1.10E-03 0.7 2.00E-106 1,044,547.9 
O00463 TRAF5 methotrexate 2.97E-03 0.35 NA 18.3 
Q9NZC7 WWOX methotrexate 2.86E-02 0.43 NA 47.9 

P14174 MIF methotrexate 3.21E-02 0.7 3.00E-64 297,155.8 
O15067 PFAS methotrexate 3.55E-02 0.34 NA 18.3 

Q9UQ13 SHOC2 methotrexate 5.63E-02 0.3 NA 18.3 
P06213 INSR genistein 3.14E-117 0.43 2.00E-10 335.1 
P04626 ERBB2 genistein 7.02E-110 0.33 3.00E-08 116.1 

Q05513 PRKCZ genistein 2.34E-107 0.55 6.00E-20 2,270.2 

P53350 PLK1 genistein 1.56E-82 0.54 1.00E-30 5,939.4 
P48730 CSNK1D genistein 5.48E-74 0.53 3.00E-06 1,281.0 

Q9UHY1 NRBP1 genistein 1.45E-72 0.36 3.00E-07 116.1 
O00141 SGK1 genistein 4.41E-68 0.57 2.00E-27 5,939.4 
Q96L34 MARK4 genistein 5.26E-65 0.56 4.00E-38 7,607.9 

P06493 CDK1 genistein 4.43E-56 0.51 1.00E-24 2,270.2 
Q08345 DDR1 genistein 2.16E-47 0.39 8.00E-10 128.1 
O14965 AURKA genistein 8.00E-39 0.57 1.00E-33 5,939.4 
P45983 MAPK8 genistein 1.83E-38 0.49 7.00E-23 538.3 
Q96KB5 PBK genistein 2.68E-38 0.36 1.00E-07 116.1 

O60285 NUAK1 genistein 5.29E-38 0.54 3.00E-43 7,607.9 
P22607 FGFR3 genistein 8.77E-35 0.64 1.00E-11 4,744.0 
O15530 PDPK1 genistein 1.24E-33 0.5 2.00E-25 538.3 

Q9HBH9 MKNK2 genistein 1.34E-33 0.52 8.00E-34 5,939.4 
Q15746 MYLK genistein 5.33E-33 0.48 1.00E-71 7,950.3 

P27361 MAPK3 genistein 7.14E-31 0.51 4.00E-31 5,939.4 
P07947 YES1 genistein 4.48E-29 0.33 2.00E-13 128.1 
Q05655 PRKCD genistein 6.40E-29 0.61 2.00E-23 7,621.6 
P54760 EPHB4 genistein 1.45E-28 0.43 5.00E-15 335.1 
O00506 STK25 genistein 1.23E-26 0.44 1.00E-18 538.3 

Q15208 STK38 genistein 5.13E-26 0.55 5.00E-22 2,270.2 
Q13523 PRPF4B genistein 1.08E-24 0.67 2.00E-11 4,744.0 
O96017 CHEK2 genistein 3.24E-24 0.64 2.00E-40 25,541.1 
P08069 IGF1R genistein 3.24E-24 0.42 8.00E-07 303.7 

Q9UEE5 STK17A genistein 1.11E-23 0.57 2.00E-69 33,530.5 
P51955 NEK2 genistein 4.65E-22 0.33 7.00E-19 205.7 

O14757 CHEK1 genistein 6.55E-21 0.65 4.00E-26 7,621.6 

P17612 PRKACA genistein 2.31E-18 0.57 2.00E-27 5,939.4 
P33981 TTK genistein 3.93E-18 0.37 1.00E-14 128.1 
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Q8IXI1 RHOT2 genistein 2.90E-17 0.33 NA 0.4 
Q16584 MAP3K11 genistein 6.36E-16 0.4 5.00E-17 128.1 
Q00535 CDK5 genistein 1.02E-15 0.57 6.00E-32 5,939.4 

Q7KZI7 MARK2 genistein 6.20E-15 0.57 5.00E-39 7,607.9 
O75116 ROCK2 genistein 1.66E-14 0.65 5.00E-18 7,621.6 
Q96RU8 TRIB1 genistein 7.48E-14 0.33 3.00E-15 128.1 
Q96GD4 AURKB genistein 1.23E-13 0.56 4.00E-28 5,939.4 
P07949 RET genistein 1.28E-12 0.43 7.00E-12 335.1 

Q9NQU5 PAK6 genistein 1.76E-12 0.41 3.00E-30 1,408.3 
O95819 MAP4K4 genistein 7.43E-10 0.43 3.00E-14 335.1 

Q9BXM7 PINK1 genistein 8.24E-10 0.53 4.00E-05 1,281.0 
P24941 CDK2 genistein 1.95E-09 0.57 5.00E-34 5,939.4 
P23443 RPS6KB1 genistein 2.69E-09 0.62 5.00E-26 7,621.6 

Q99986 VRK1 genistein 3.83E-09 0.47 1.50E-01 303.7 

Q92630 DYRK2 genistein 3.96E-09 0.72 1.00E-22 20,119.5 
O60566 BUB1B genistein 5.78E-09 0.35 1.90E-01 116.1 
P36896 ACVR1B genistein 3.27E-08 0.52 6.00E-05 1,281.0 
Q9BQI3 EIF2AK1 genistein 1.52E-07 0.51 4.00E-09 1,413.1 

P19784 CSNK2A2 genistein 7.11E-07 0.85 5.00E-160 6,788,378.8 
Q9BZL6 PRKD2 genistein 8.95E-07 0.6 7.00E-38 25,541.1 
P21709 EPHA1 genistein 1.81E-06 0.38 3.00E-13 128.1 
Q99640 PKMYT1 genistein 1.86E-06 0.46 8.00E-15 335.1 
O00311 CDC7 genistein 3.22E-06 0.57 2.00E-04 1,281.0 
P52333 JAK3 genistein 4.84E-06 0.64 9.00E-12 4,744.0 

Q9Y2H1 STK38L genistein 1.01E-05 0.61 8.00E-23 7,621.6 
Q99759 MAP3K3 genistein 1.04E-05 0.53 5.00E-24 2,270.2 
O75369 FLNB genistein 1.56E-05 0.31 NA 5.6 
Q9H2X6 HIPK2 genistein 1.71E-05 0.67 3.00E-19 7,621.6 
Q14004 CDK13 genistein 2.19E-05 0.54 1.00E-12 1,413.1 

Q14680 MELK genistein 2.47E-05 0.53 8.00E-38 7,607.9 
O14976 GAK genistein 4.05E-05 0.53 2.00E-13 1,413.1 
P09874 PARP1 genistein 4.89E-05 0.56 7.00E-03 1,281.0 

Q9UHD2 TBK1 genistein 7.97E-05 0.56 4.00E-18 2,270.2 

P21860 ERBB3 genistein 0.000117976 0.33 5.00E-05 116.1 

P80192 MAP3K9 genistein 0.00015534 0.4 1.00E-15 128.1 
Q9H2K8 TAOK3 genistein 0.000192385 0.51 7.00E-17 1,413.1 
Q16539 MAPK14 genistein 0.000272016 0.32 3.00E-22 205.7 
O43683 BUB1 genistein 0.000379351 0.57 1.10E-01 1,281.0 
O94804 STK10 genistein 0.000386234 0.47 3.00E-20 538.3 
P04049 RAF1 genistein 0.000406214 0.36 8.00E-12 128.1 

P10275 AR genistein 0.000548172 0.48 7.00E-16 335.1 

Q15418 RPS6KA1 genistein 0.000887364 0.6 2.00E-43 25,541.1 
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Table 3.S2. PrePCI predicted targets of methotrexate and genistein. 

The table provides PrePCI predictions for methotrexate and genistein with LT-scanner score ≥ 0.3 

and DeMAND FDR < 0.01142. 

 

  



75 

 

Master 

Regulator 

Uniprot 

Master 

Regulator 

Gene Name 

Partner 

Protein 

Uniprot 

Partner 

Protein Gene 

Name 

LT-scanner 

template 

LT-scanner 

Ligand 

LT-scanner 

Score 

P25205 MCM3 P33993 MCM7 6xtx_7 AGS_7_1001 1 

Q13887 KLF5 Q96SW2 CRBN 6h0f_H Y70_H_502 0.940277 

Q14498 RBM39 Q96SW2 CRBN 6h0f_H Y70_H_502 0.940277 

Q15233 NONO Q96SW2 CRBN 6h0f_H Y70_H_502 0.940277 

Q7Z3K3 POGZ Q96SW2 CRBN 6h0f_H Y70_H_502 0.940277 

Q8WYB5 KAT6B Q96SW2 CRBN 6h0f_H Y70_H_502 0.940277 

Q9UIG0 BAZ1B Q9UIF9 BAZ2A 6fgl_A UO1_A_1901 0.882033 

O75764 TCEA3 P07478 PRSS2 1ppc_E MID_E_5 0.861668 

Q13887 KLF5 Q96SW2 CRBN 4ci2_B LVY_B_1429 0.85431 

Q14498 RBM39 Q96SW2 CRBN 4ci2_B LVY_B_1429 0.85431 

Q15233 NONO Q96SW2 CRBN 4ci2_B LVY_B_1429 0.85431 

Q7Z3K3 POGZ Q96SW2 CRBN 4ci2_B LVY_B_1429 0.85431 

Q8WYB5 KAT6B Q96SW2 CRBN 4ci2_B LVY_B_1429 0.85431 

Q92766 RREB1 Q96SW2 CRBN 4ci2_B LVY_B_1429 0.85431 

O75764 TCEA3 P07478 PRSS2 1pph_E 0ZG_E_1 0.84934 

O75764 TCEA3 P07478 PRSS2 1aht_H APA_H_401 0.84399 

P41235 HNF4A Q13133 NR1H3 3fc6_B LX2_B_1 0.832198 

P41235 HNF4A P55055 NR1H2 3fc6_B LX2_B_1 0.814316 

O75764 TCEA3 P07478 PRSS2 5wi6_D 0GJ_D_304 0.813079 

P17024 ZNF20 Q96SW2 CRBN 4v31_B DUR_B_151 0.807723 

Q13887 KLF5 Q96SW2 CRBN 4v31_B DUR_B_151 0.807723 

Q14498 RBM39 Q96SW2 CRBN 4v31_B DUR_B_151 0.807723 

Q15233 NONO Q96SW2 CRBN 4v31_B DUR_B_151 0.807723 

Q7Z3K3 POGZ Q96SW2 CRBN 4v31_B DUR_B_151 0.807723 

Q8WYB5 KAT6B Q96SW2 CRBN 4v31_B DUR_B_151 0.807723 

Q92766 RREB1 Q96SW2 CRBN 4v31_B DUR_B_151 0.807723 

Q13887 KLF5 Q96SW2 CRBN 5hxb_Z 85C_Z_502 0.79406 

Q14498 RBM39 Q96SW2 CRBN 5hxb_Z 85C_Z_502 0.79406 

Q15233 NONO Q96SW2 CRBN 5hxb_Z 85C_Z_502 0.79406 

Q8WYB5 KAT6B Q96SW2 CRBN 5hxb_Z 85C_Z_502 0.79406 

Q92766 RREB1 Q96SW2 CRBN 5hxb_Z 85C_Z_502 0.79406 

O75764 TCEA3 P07478 PRSS2 1y59_T TL1_T_350 0.792901 

P19883 FST Q9P0G3 KLK14 3mwi_U B25_U_1244 0.783029 

O75764 TCEA3 P07478 PRSS2 1yyy_1 0KV_1_1 0.778473 

P19883 FST Q9P0G3 KLK14 1y5a_T TL2_T_790 0.774421 

O14753 OVOL1 Q96SW2 CRBN 5oh8_B ROL_B_202 0.77413 

P15336 ATF2 Q96SW2 CRBN 5oh8_B ROL_B_202 0.77413 

P17022 ZNF18 Q96SW2 CRBN 5oh8_B ROL_B_202 0.77413 
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P17024 ZNF20 Q96SW2 CRBN 5oh8_B ROL_B_202 0.77413 

P17035 ZNF28 Q96SW2 CRBN 5oh8_B ROL_B_202 0.77413 

P41182 BCL6 Q96SW2 CRBN 5oh8_B ROL_B_202 0.77413 

Q03112 MECOM Q96SW2 CRBN 5oh8_B ROL_B_202 0.77413 

Q03938 ZNF90 Q96SW2 CRBN 5oh8_B ROL_B_202 0.77413 

Q13887 KLF5 Q96SW2 CRBN 5oh8_B ROL_B_202 0.77413 

Q14498 RBM39 Q96SW2 CRBN 5oh8_B ROL_B_202 0.77413 

Q15233 NONO Q96SW2 CRBN 5oh8_B ROL_B_202 0.77413 

Q7Z3K3 POGZ Q96SW2 CRBN 5oh8_B ROL_B_202 0.77413 

Q8N143 BCL6B Q96SW2 CRBN 5oh8_B ROL_B_202 0.77413 

Q8NHY6 ZFP28 Q96SW2 CRBN 5oh8_B ROL_B_202 0.77413 

Q8WYB5 KAT6B Q96SW2 CRBN 5oh8_B ROL_B_202 0.77413 

Q92766 RREB1 Q96SW2 CRBN 5oh8_B ROL_B_202 0.77413 

Q96C00 ZBTB9 Q96SW2 CRBN 5oh8_B ROL_B_202 0.77413 

P19883 FST Q9P0G3 KLK14 2r2w_U 4PG_U_300 0.772797 

O75764 TCEA3 P07478 PRSS2 1ad8_H MDL_H_250 0.768402 

O75764 TCEA3 P07478 PRSS2 1gi7_B 120_B_246 0.766439 

O75764 TCEA3 P07478 PRSS2 1qhr_B 157_B_500 0.766192 

P19883 FST Q9P0G3 KLK14 3aav_B A2C_B_1002 0.761366 

O75764 TCEA3 P07478 PRSS2 1way_B L02_B_1248 0.75468 

O75764 TCEA3 P07478 PRSS2 4na9_H 1T7_H_301 0.746836 

O75764 TCEA3 P07478 PRSS2 1gja_B 135_B_251 0.742033 

O75764 TCEA3 P07478 PRSS2 3shc_H B01_H_3 0.741675 

P19883 FST Q9P0G3 KLK14 1o5d_H CR9_H_258 0.740184 

O75764 TCEA3 P07478 PRSS2 1tbz_H 00Q_H_343 0.738394 

O75764 TCEA3 P07478 PRSS2 4uff_H 6V2_H_1248 0.735455 

O75764 TCEA3 P07478 PRSS2 1sc8_U 2IN_U_300 0.733436 

O75764 TCEA3 P07478 PRSS2 2feq_H 34P_H_1 0.729227 

O75764 TCEA3 P07478 PRSS2 1b5g_H 0ZE_H_372 0.728016 

O75764 TCEA3 P07478 PRSS2 1ba8_B 0IT_B_1 0.725843 

P41235 HNF4A Q13133 NR1H3 3kfc_D 61X_D_1 0.725692 

O75764 TCEA3 P07478 PRSS2 2zgx_H 29U_H_1601 0.721577 

O75764 TCEA3 P07478 PRSS2 1w14_U SH1_U_1300 0.72057 

O75764 TCEA3 P07478 PRSS2 4rko_B 0G6_B_301 0.720203 

O75764 TCEA3 P07478 PRSS2 3mwi_U B25_U_1244 0.719013 

O75764 TCEA3 P07478 PRSS2 1no9_H 4ND_H_250 0.71849 

Q9UIG0 BAZ1B Q8WWQ0 PHIP 5rjo_A 1P8_A_1501 0.716271 

P41235 HNF4A P55055 NR1H2 3kfc_D 61X_D_1 0.715312 

O75764 TCEA3 P07478 PRSS2 4jzf_H 1NL_H_301 0.715099 

O75764 TCEA3 P07478 PRSS2 4yes_B 45S_B_704 0.713914 
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P19883 FST Q9P0G3 KLK14 1qhr_B 157_B_500 0.710918 

O75764 TCEA3 P07478 PRSS2 3rml_H M31_H_1 0.709897 

O75764 TCEA3 P07478 PRSS2 2zc9_H 22U_H_1501 0.707233 

P19883 FST Q9P0G3 KLK14 4mpu_B X2A_B_301 0.706594 

O75764 TCEA3 P07478 PRSS2 2a2x_H NA9_H_501 0.705902 

O75764 TCEA3 P07478 PRSS2 2zgb_H 21U_H_1801 0.705324 

O75764 TCEA3 P07478 PRSS2 5xg4_U QUE_U_301 0.70298 

O75764 TCEA3 P07478 PRSS2 4udw_H N6L_H_1249 0.701844 

O75764 TCEA3 P07478 PRSS2 4ufd_H S49_H_1251 0.701489 

O75764 TCEA3 P07478 PRSS2 4mpu_B X2A_B_301 0.701435 

O75764 TCEA3 P07478 PRSS2 1a5g_H 00L_H_372 0.700301 

O75764 TCEA3 P07478 PRSS2 1mue_B CDD_B_248 0.699868 

O75764 TCEA3 P07478 PRSS2 2bmg_B I1H_B_1246 0.699292 

O75764 TCEA3 P07478 PRSS2 4ufe_H 3ZD_H_1249 0.698803 

P41235 HNF4A Q13133 NR1H3 3fal_D LO2_D_1 0.698585 

O75764 TCEA3 P07478 PRSS2 5a0a_E JJS_E_1244 0.695296 

O75764 TCEA3 P07478 PRSS2 1hut_H 0G7_H_1 0.692958 

O75764 TCEA3 P07478 PRSS2 1oyt_H FSN_H_501 0.691842 

O75764 TCEA3 P07478 PRSS2 1ygc_H 905_H_1 0.689087 

O75764 TCEA3 P07478 PRSS2 1gj9_B 134_B_251 0.688974 

O75764 TCEA3 P07478 PRSS2 1c4v_2 IH2_2_370 0.687364 

O75764 TCEA3 P07478 PRSS2 3sw2_B FI1_B_1 0.68555 

O75764 TCEA3 P07478 PRSS2 4h42_U 11E_U_301 0.68384 

O75764 TCEA3 P07478 PRSS2 3ldx_H NLI_H_1 0.683496 

O75764 TCEA3 P07478 PRSS2 3u9a_H S33_H_1 0.683214 

O75764 TCEA3 P07478 PRSS2 2fes_H 3SP_H_1 0.683128 

O75764 TCEA3 P07478 PRSS2 3rmo_H S04_H_1 0.682884 

P41235 HNF4A P55055 NR1H2 3fal_D LO2_D_1 0.682638 

P17022 ZNF18 Q7Z2T5 TRMT1L 2ytz_B SAH_B_1002 0.681764 

P19883 FST Q9P0G3 KLK14 1yyy_1 0KV_1_1 0.681083 

O75764 TCEA3 P07478 PRSS2 2ec9_H 24X_H_999 0.679971 

O75764 TCEA3 P07478 PRSS2 1ypl_H RA8_H_5555 0.679695 

O75764 TCEA3 P07478 PRSS2 1a46_H 00K_H_372 0.679274 

O75764 TCEA3 P07478 PRSS2 1ktt_B C02_B_1 0.676854 

O75764 TCEA3 P07478 PRSS2 2bvr_H 4CP_H_1246 0.675863 

O75764 TCEA3 P07478 PRSS2 3dux_H 64U_H_901 0.675834 

O75764 TCEA3 P07478 PRSS2 2fs8_C C3A_C_997 0.670864 

O75764 TCEA3 P07478 PRSS2 3k9x_B MBM_B_1 0.668909 

O75764 TCEA3 P07478 PRSS2 1hdt_H 0E7_H_1 0.668864 

O75764 TCEA3 P07478 PRSS2 1w10_U SJ1_U_1245 0.668735 
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O75764 TCEA3 P07478 PRSS2 3tu7_H 0BM_H_1 0.668241 

O75764 TCEA3 P07478 PRSS2 2cn0_H F25_H_1246 0.6682 

O75764 TCEA3 P07478 PRSS2 2ziq_H 26U_H_701 0.667669 

P19883 FST Q9P0G3 KLK14 4e7r_H 0NW_H_302 0.667441 

O75764 TCEA3 P07478 PRSS2 1w0z_U SI1_U_1245 0.666969 

O75764 TCEA3 P07478 PRSS2 1mu6_B CDA_B_248 0.664522 

O75764 TCEA3 P07478 PRSS2 3rmn_H M41_H_1 0.663501 

O75764 TCEA3 P07478 PRSS2 2zdv_H 37U_H_501 0.660587 

O75764 TCEA3 P07478 PRSS2 1w11_U SK1_U_1247 0.658819 

O75764 TCEA3 P07478 PRSS2 3e0p_B B3C_B_1 0.658502 

O75764 TCEA3 P07478 PRSS2 3ens_D ENS_D_301 0.657621 

P19883 FST Q9P0G3 KLK14 1pph_E 0ZG_E_1 0.657591 

O75764 TCEA3 P07478 PRSS2 1mu8_B CDB_B_248 0.657481 

O75764 TCEA3 P07478 PRSS2 5af9_H SJR_H_1250 0.657376 

O75764 TCEA3 P07478 PRSS2 4loy_H 6XS_H_304 0.656931 

O75764 TCEA3 P07478 PRSS2 3c27_B DKK_B_5000 0.656298 

O75764 TCEA3 P07478 PRSS2 1ae8_H AZL_H_600 0.655922 

O75764 TCEA3 P07478 PRSS2 1awf_H GR4_H_1 0.655711 

P19883 FST Q9P0G3 KLK14 2zfp_H 19U_H_801 0.655075 

P19883 FST Q9P0G3 KLK14 3sw2_B FI1_B_1 0.654804 

P25205 MCM3 P49736 MCM2 6xtx_4 AGS_4_902 0.654317 

P33993 MCM7 P49736 MCM2 6xtx_4 AGS_4_902 0.654317 

Q9UIG0 BAZ1B Q9UIF9 BAZ2A 4yab_A 4CN_A_1103 0.654303 

O75764 TCEA3 P07478 PRSS2 1vzq_H SHY_H_1256 0.652157 

O75764 TCEA3 P07478 PRSS2 1ele_E 0QN_E_256 0.651779 

P41235 HNF4A P55055 NR1H2 1pq9_B 44B_B_2501 0.651328 

O75764 TCEA3 P07478 PRSS2 1d3q_B BT2_B_400 0.65082 

P19883 FST Q9P0G3 KLK14 1ygc_H 905_H_1 0.650714 

P19883 FST Q9P0G3 KLK14 3hpt_D YET_D_2 0.650127 

O75764 TCEA3 P07478 PRSS2 4jyv_H 1OJ_H_301 0.649561 

O75764 TCEA3 P07478 PRSS2 3f68_H 91U_H_901 0.649512 

O75764 TCEA3 P07478 PRSS2 2ank_H N12_H_501 0.648975 

O75764 TCEA3 P07478 PRSS2 5jfd_H 2TS_H_301 0.648622 

O75764 TCEA3 P07478 PRSS2 3e6p_H DFK_H_301 0.648423 

O75764 TCEA3 P07478 PRSS2 1tom_H MIN_H_1 0.647096 

O75764 TCEA3 P07478 PRSS2 3qto_H 10P_H_1001 0.646841 

O75764 TCEA3 P07478 PRSS2 2cf9_H 348_H_1247 0.646164 

P19883 FST Q9P0G3 KLK14 2znk_H 31U_H_3001 0.645922 

P19883 FST Q9P0G3 KLK14 3k9x_B MBM_B_1 0.644444 

P41235 HNF4A P55055 NR1H2 4dk7_C 0KS_C_501 0.644394 
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O75764 TCEA3 P07478 PRSS2 1nzq_H 162_H_248 0.640616 

O75764 TCEA3 P07478 PRSS2 5a0c_B JJV_B_1001 0.640481 

O75764 TCEA3 P07478 PRSS2 2vwm_B LZI_B_1244 0.637784 

O75764 TCEA3 P07478 PRSS2 2v3h_H I25_H_1246 0.637486 

O75764 TCEA3 P07478 PRSS2 1awh_D GR3_D_1 0.636708 

O75764 TCEA3 P07478 PRSS2 1bmm_H BM2_H_1 0.636597 

O75764 TCEA3 P07478 PRSS2 1lqd_B CMI_B_301 0.636593 

O75764 TCEA3 P07478 PRSS2 2bqw_B IIE_B_1246 0.636406 

O75764 TCEA3 P07478 PRSS2 3qtv_H 06P_H_1001 0.636215 

O75764 TCEA3 P07478 PRSS2 3utu_H 1TS_H_901 0.636182 

O75764 TCEA3 P07478 PRSS2 2aei_H 03R_H_500 0.636147 

O75764 TCEA3 P07478 PRSS2 4ax9_H N5N_H_1246 0.63507 

O75764 TCEA3 P07478 PRSS2 3uwj_H TIF_H_302 0.63464 

O75764 TCEA3 P07478 PRSS2 1uvt_H I48_H_1 0.634007 

O75764 TCEA3 P07478 PRSS2 1c4u_2 IH1_2_370 0.633917 

O76071 CIAO1 P61964 WDR5 5eam_B 5MN_B_401 0.6319 

O75764 TCEA3 P07478 PRSS2 2zff_H 53U_H_2001 0.631169 

O75764 TCEA3 P07478 PRSS2 1bmn_H BM9_H_1 0.629743 

P25205 MCM3 Q14566 MCM6 6xtx_4 AGS_4_902 0.629328 

O75764 TCEA3 P07478 PRSS2 2anm_H CDO_H_1001 0.628987 

Q9UIG0 BAZ1B Q9UIF9 BAZ2A 4hxk_A 1AJ_A_201 0.628817 

Q9UIG0 BAZ1B Q9NRL2 BAZ1A 4ir3_A 1FK_A_2006 0.628088 

P19883 FST Q9P0G3 KLK14 1uvs_H I11_H_11 0.626391 

P19883 FST Q9P0G3 KLK14 2bz6_H 346_H_1258 0.626322 

P19883 FST Q9P0G3 KLK14 4jyv_H 1OJ_H_301 0.6256 

O75764 TCEA3 P07478 PRSS2 1lpz_B CMB_B_301 0.625573 

O75764 TCEA3 P07478 PRSS2 1ay6_H 1ZV_H_5 0.625213 

O76071 CIAO1 P61964 WDR5 4ql1_B 35Q_B_401 0.625109 

O75764 TCEA3 P07478 PRSS2 3rly_H S29_H_1 0.625052 

O75764 TCEA3 P07478 PRSS2 2p3u_B 663_B_500 0.623212 

O75764 TCEA3 P07478 PRSS2 1dan_H 0Z6_H_1 0.621971 

P19883 FST Q9P0G3 KLK14 4btu_F 6XS_F_1246 0.621851 

O75764 TCEA3 P07478 PRSS2 4yt7_H 4K1_H_301 0.621387 

Q9UIG0 BAZ1B Q9NRL2 BAZ1A 6fgl_A UO1_A_1901 0.620011 

P19883 FST Q9P0G3 KLK14 4jyu_H 1OK_H_301 0.619474 

O75764 TCEA3 P07478 PRSS2 3kid_U 2BS_U_1 0.619104 

O75764 TCEA3 P07478 PRSS2 1qbv_H PPX_H_907 0.61679 

O75764 TCEA3 P07478 PRSS2 5a2m_H WX5_H_1249 0.616609 

O75764 TCEA3 P07478 PRSS2 1qj1_B 166_B_1248 0.615819 

P19883 FST Q9P0G3 KLK14 3qtv_H 06P_H_1001 0.611313 
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O43679 LDB2 Q9BYB0 SHANK3 3o5n_E BR0_E_1 0.609837 

O75764 TCEA3 P07478 PRSS2 1w0y_H 771_H_1258 0.60973 

P19883 FST Q9P0G3 KLK14 3e16_B B4C_B_1 0.609234 

P19883 FST Q9P0G3 KLK14 2v3o_H I26_H_1246 0.607658 

O75764 TCEA3 P07478 PRSS2 4yt6_H 4JY_H_301 0.605947 

P19883 FST Q9P0G3 KLK14 1w10_U SJ1_U_1245 0.60585 

Q9UIG0 BAZ1B Q9UIF9 BAZ2A 3svh_A KRG_A_2 0.605842 

O76071 CIAO1 Q86VZ2 WDR5B 5eam_B 5MN_B_401 0.605499 

Q09028 RBBP4 Q86VZ2 WDR5B 5eam_B 5MN_B_401 0.605499 

Q15542 TAF5 Q86VZ2 WDR5B 5eam_B 5MN_B_401 0.605499 

P25205 MCM3 P33992 MCM5 5v8f_6 AGS_6_1101 0.604988 

O75764 TCEA3 P07478 PRSS2 5i46_H 67O_H_301 0.603863 

O75764 TCEA3 P07478 PRSS2 4baq_B M4Z_B_1287 0.601855 

P19883 FST Q9P0G3 KLK14 1tbz_H 00Q_H_343 0.600334 

O75764 TCEA3 P07478 PRSS2 1uvs_H I11_H_11 0.599526 

Q9UIG0 BAZ1B Q9UIF9 BAZ2A 5dbm_C 58N_C_1201 0.599456 

P19883 FST Q9P0G3 KLK14 4baq_B M4Z_B_1287 0.598906 

O75764 TCEA3 P07478 PRSS2 1uvu_H DCH_H_1 0.598472 

P19883 FST Q9P0G3 KLK14 2zi2_H 24U_H_801 0.598419 

O75764 TCEA3 P07478 PRSS2 1vj9_U 5IN_U_300 0.597463 

P41235 HNF4A P55055 NR1H2 2acl_H L05_H_104 0.59713 

P19883 FST Q9P0G3 KLK14 4ng9_H 2KE_H_301 0.59692 

P19883 FST Q9P0G3 KLK14 4uff_H 6V2_H_1248 0.595904 

P41235 HNF4A Q13133 NR1H3 4rak_B 652_B_502 0.59563 

P25205 MCM3 Q9UJA3 MCM8 6xtx_7 AGS_7_1001 0.595342 

Q14566 MCM6 Q9UJA3 MCM8 6xtx_7 AGS_7_1001 0.595342 

O76071 CIAO1 P61964 WDR5 3smr_B NP7_B_1000 0.593941 

O75764 TCEA3 P07478 PRSS2 1uma_H IN2_H_600 0.59381 

O75764 TCEA3 P07478 PRSS2 4q80_B 2YS_B_305 0.593701 

O75764 TCEA3 P07478 PRSS2 1lpk_B CBB_B_301 0.591442 

O75764 TCEA3 P07478 PRSS2 4bak_B M67_B_1287 0.591175 

P19883 FST Q9P0G3 KLK14 4jzd_H 1NJ_H_301 0.589802 

O75764 TCEA3 P07478 PRSS2 3ig6_B 438_B_400 0.589473 

Q9UIG0 BAZ1B Q9UIF9 BAZ2A 4hxo_A 1A6_A_201 0.589133 

O75764 TCEA3 P07478 PRSS2 3uuz_B 0CB_B_481 0.588097 

O75764 TCEA3 P07478 PRSS2 2gde_H SN3_H_401 0.587301 

Q14781 CBX2 Q99549 MPHOSPH8 4x3t_F 45E_F_101 0.586922 

O75764 TCEA3 P07478 PRSS2 4btt_B VYR_B_1246 0.586794 

Q9UIG0 BAZ1B Q8WWQ0 PHIP 5ii1_A 6BL_A_801 0.586654 

O75764 TCEA3 P07478 PRSS2 2bq6_B IIB_B_1246 0.586155 
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O75764 TCEA3 P07478 PRSS2 1etr_H MIT_H_1 0.58608 

P19883 FST Q9P0G3 KLK14 4ax9_H N5N_H_1246 0.585311 

P19883 FST Q9P0G3 KLK14 1qbv_H PPX_H_907 0.584488 

P19883 FST Q9P0G3 KLK14 3rly_H S29_H_1 0.584414 

O75764 TCEA3 P07478 PRSS2 7est_E 0Z2_E_1 0.584033 

P41235 HNF4A P55055 NR1H2 3ips_B O90_B_1 0.583921 

P19883 FST Q9P0G3 KLK14 3rmn_H M41_H_1 0.583423 

P25205 MCM3 Q9NXL9 MCM9 6xtx_7 AGS_7_1001 0.582208 

O75764 TCEA3 P07478 PRSS2 1wss_H 3CB_H_2001 0.582021 

O75764 TCEA3 P07478 PRSS2 2est_E 2Z5_E_1 0.581833 

P19883 FST Q9P0G3 KLK14 1mu6_B CDA_B_248 0.580791 

O75764 TCEA3 P07478 PRSS2 4az2_B 9MU_B_1258 0.580329 

P19883 FST Q9P0G3 KLK14 3rm2_H S00_H_1 0.58023 

O75764 TCEA3 P07478 PRSS2 1d3p_B BT3_B_400 0.577634 

P19883 FST Q9P0G3 KLK14 3ig6_B 438_B_400 0.576519 

P63165 SUMO1 Q9UBT2 UBA2 3h9j_D APC_D_359 0.576166 

P19883 FST Q9P0G3 KLK14 1d3p_B BT3_B_400 0.575389 

O75764 TCEA3 P07478 PRSS2 1mmj_N FR1_N_241 0.572785 

O75764 TCEA3 P07478 PRSS2 4bao_B MVF_B_1287 0.571551 

P19883 FST Q9P0G3 KLK14 3p17_H 99P_H_1001 0.571235 

O75764 TCEA3 P07478 PRSS2 2bvx_H 5CB_H_1246 0.571181 

Q9UIG0 BAZ1B Q9NRL2 BAZ1A 4xub_A 43D_A_2001 0.569324 

P19883 FST Q9P0G3 KLK14 2bxu_H C1D_H_1246 0.566668 

P41235 HNF4A P55055 NR1H2 4dk8_C 0KT_C_501 0.565321 

P19883 FST Q9P0G3 KLK14 1bcu_H PRL_H_280 0.562643 

O75764 TCEA3 P07478 PRSS2 1fpc_H 0ZI_H_371 0.56227 

P19883 FST Q9P0G3 KLK14 4isi_H 1GG_H_301 0.561015 

P19883 FST Q9P0G3 KLK14 4nga_H 2KF_H_301 0.559784 

P19883 FST Q9P0G3 KLK14 1fpc_H 0ZI_H_371 0.559166 

Q9UIG0 BAZ1B Q9NRL2 BAZ1A 4ir4_A IR4_A_2001 0.557965 

P41235 HNF4A Q13133 NR1H3 1pq9_B 44B_B_2501 0.556996 

P19883 FST Q9P0G3 KLK14 3qwc_H 98P_H_2001 0.556142 

P19883 FST Q9P0G3 KLK14 2a2x_H NA9_H_501 0.554896 

P41235 HNF4A Q13133 NR1H3 2acl_H L05_H_104 0.554312 

O76071 CIAO1 Q86VZ2 WDR5B 3smr_B NP7_B_1000 0.554154 

Q09028 RBBP4 Q86VZ2 WDR5B 3smr_B NP7_B_1000 0.554154 

Q15542 TAF5 Q86VZ2 WDR5B 3smr_B NP7_B_1000 0.554154 

P19883 FST Q9P0G3 KLK14 1w12_U SL1_U_1245 0.553825 

P23246 SFPQ P62736 ACTA2 1yxq_B SWI_B_600 0.553033 

O75764 TCEA3 P07478 PRSS2 2bvs_H 2CE_H_1246 0.55253 
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Q9UIG0 BAZ1B Q9UIF9 BAZ2A 4o7e_A 2RN_A_201 0.550644 

P19883 FST Q9P0G3 KLK14 4gch_G DMC_G_246 0.550151 

Q9UIG0 BAZ1B Q9NRL2 BAZ1A 5cq7_A 53G_A_2001 0.548885 

P19883 FST Q9P0G3 KLK14 4zxy_H 4T1_H_301 0.548218 

O75764 TCEA3 P07478 PRSS2 2c8y_B C3M_B_1252 0.546938 

Q9UIG0 BAZ1B Q8WWQ0 PHIP 5enh_A 5QB_A_1501 0.546709 

Q9UIG0 BAZ1B Q9UIF9 BAZ2A 4tte_A 36Z_A_1204 0.545625 

P19883 FST Q9P0G3 KLK14 2pks_C G44_C_101 0.54507 

O75764 TCEA3 P07478 PRSS2 1afe_H ALZ_H_600 0.544905 

Q9UIG0 BAZ1B Q9UIF9 BAZ2A 4xya_A 43S_A_201 0.544753 

O75764 TCEA3 P07478 PRSS2 1ghy_H 121_H_246 0.544603 

O75764 TCEA3 P07478 PRSS2 4nsy_B 2OY_B_301 0.5424 

O75764 TCEA3 P07478 PRSS2 4gch_G DMC_G_246 0.542338 

Q9UIG0 BAZ1B Q9UIF9 BAZ2A 6v1k_A 5SW_A_201 0.540813 

P25205 MCM3 Q9UJA3 MCM8 3kb2_B G3D_B_180 0.539954 

Q14566 MCM6 Q9UJA3 MCM8 3kb2_B G3D_B_180 0.539954 

P19883 FST Q9P0G3 KLK14 1ay6_H 1ZV_H_5 0.539342 

O76071 CIAO1 P61964 WDR5 6nm7_B 22L_B_201 0.539197 

P63165 SUMO1 Q9UBT2 UBA2 6o83_C VMX_C_1109 0.539044 

P19883 FST Q9P0G3 KLK14 6eo8_H 2FN_H_307 0.533797 

P19883 FST Q9P0G3 KLK14 3da9_B 44U_B_1 0.531789 

Q9UIG0 BAZ1B Q9UIF9 BAZ2A 4lzs_A L46_A_201 0.531597 

P19883 FST Q9P0G3 KLK14 3utu_H 1TS_H_901 0.531108 

Q9UIG0 BAZ1B Q9NRL2 BAZ1A 4hxk_A 1AJ_A_201 0.530247 

P19883 FST Q9P0G3 KLK14 4ayy_B 9MX_B_1258 0.52519 

P19883 FST Q9P0G3 KLK14 2bm2_D PM2_D_3211 0.52511 

P41235 HNF4A P55055 NR1H2 1p8d_B CO1_B_109 0.52366 

Q9UIG0 BAZ1B Q9UIF9 BAZ2A 5ii1_A 6BL_A_801 0.523527 

Q9UIG0 BAZ1B Q8WWQ0 PHIP 4hxk_A 1AJ_A_201 0.523207 

Q9UIG0 BAZ1B Q8WWQ0 PHIP 4xua_A 43C_A_2005 0.522571 

P19883 FST Q9P0G3 KLK14 2c8y_B C3M_B_1252 0.522231 

P41235 HNF4A Q13133 NR1H3 4dk8_C 0KT_C_501 0.522014 

Q14781 CBX2 Q8N8U2 CDYL2 4x3t_F 45E_F_101 0.521841 

Q9UIG0 BAZ1B Q8WWQ0 PHIP 4o77_A 2RE_A_201 0.520711 

Q9UIG0 BAZ1B Q8WWQ0 PHIP 4meo_A 25V_A_202 0.5195 

P19883 FST Q9P0G3 KLK14 3rm0_H S54_H_2 0.517858 

P19883 FST Q9P0G3 KLK14 2zp0_H PI0_H_1001 0.517567 

Q9UIG0 BAZ1B Q9UIF9 BAZ2A 4c66_A H4C_A_1168 0.516901 

Q9UIG0 BAZ1B Q9UIF9 BAZ2A 5cp5_A EB0_A_201 0.516145 

O76071 CIAO1 Q86VZ2 WDR5B 4ql1_B 35Q_B_401 0.515799 
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Q09028 RBBP4 Q86VZ2 WDR5B 4ql1_B 35Q_B_401 0.515799 

Q15542 TAF5 Q86VZ2 WDR5B 4ql1_B 35Q_B_401 0.515799 

Q9UIG0 BAZ1B Q9UIF9 BAZ2A 4meo_A 25V_A_202 0.512039 

P19883 FST Q9P0G3 KLK14 4zxx_H 4T0_H_301 0.50875 

Q9UIG0 BAZ1B Q8WWQ0 PHIP 4nrb_A 2LX_A_2001 0.507301 

O75764 TCEA3 P07478 PRSS2 1w7g_H MIU_H_300 0.506707 

P41235 HNF4A Q13133 NR1H3 1p8d_B CO1_B_109 0.504845 

P19883 FST Q9P0G3 KLK14 1sb1_H 165_H_1001 0.502313 

Q15542 TAF5 Q9BRX9 WDR83 3smr_B NP7_B_1000 0.501587 

Q9UIG0 BAZ1B Q9UIF9 BAZ2A 4o77_A 2RE_A_201 0.499023 

Q9UIG0 BAZ1B Q9UIF9 BAZ2A 4uiz_A N1D_A_1171 0.497095 

O75764 TCEA3 P07478 PRSS2 2c93_B C4M_B_1251 0.496459 

Q9UIG0 BAZ1B Q9UIF9 BAZ2A 4f3i_A 0S6_A_203 0.495609 

Q15542 TAF5 Q8TED0 UTP15 4x9d_E U5P_E_104 0.495567 

Q9UIG0 BAZ1B Q9UIF9 BAZ2A 4men_A 25K_A_202 0.495554 

Q9UIG0 BAZ1B Q9UIF9 BAZ2A 4uyd_A V1T_A_1171 0.493596 

Q9UIG0 BAZ1B Q8WWQ0 PHIP 4xub_A 43D_A_2001 0.492926 

P19883 FST Q9P0G3 KLK14 1nzq_H 162_H_248 0.491963 

O75764 TCEA3 P07478 PRSS2 2b7d_H C1B_H_258 0.491646 

P19883 FST Q9P0G3 KLK14 4x8v_H 3Z9_H_301 0.491297 

P19883 FST Q9P0G3 KLK14 2fs9_B C4A_B_998 0.490631 

O75764 TCEA3 P07478 PRSS2 1z6j_H PY3_H_403 0.490067 

Q9UIG0 BAZ1B Q9NRL2 BAZ1A 3q2f_A OAM_A_1 0.488552 

O76071 CIAO1 Q8NBT0 POC1A 5eam_B 5MN_B_401 0.487637 

Q15542 TAF5 Q8NBT0 POC1A 5eam_B 5MN_B_401 0.487637 

P19883 FST Q9P0G3 KLK14 8est_E GIS_E_269 0.487349 

Q9UIG0 BAZ1B Q9NRL2 BAZ1A 4xua_A 43C_A_2005 0.484701 

Q9UIG0 BAZ1B Q8WWQ0 PHIP 4tte_A 36Z_A_1204 0.481636 

Q15542 TAF5 Q9Y297 BTRC 6nm7_B 22L_B_201 0.481412 

Q14781 CBX2 Q9HC52 CBX8 4x3t_F 45E_F_101 0.480736 

Q9UIG0 BAZ1B Q9UIF9 BAZ2A 5d3n_A L40_A_201 0.479948 

Q9UIG0 BAZ1B Q9UIF9 BAZ2A 5fh6_A 5XM_A_801 0.479704 

P19883 FST Q9P0G3 KLK14 1z6j_H PY3_H_403 0.479436 

Q9UIG0 BAZ1B Q9UIF9 BAZ2A 4tz8_A 39U_A_1204 0.478857 

Q9UIG0 BAZ1B Q8WWQ0 PHIP 5dkc_A 5BW_A_1502 0.477989 

Q9UIG0 BAZ1B Q9UIF9 BAZ2A 6in1_A LOC_A_200 0.476522 

Q15542 TAF5 Q9BRX9 WDR83 5eam_B 5MN_B_401 0.475927 

Q9UIG0 BAZ1B Q9NRL2 BAZ1A 5u9n_A BMF_A_501 0.47592 

Q9UIG0 BAZ1B Q9UIF9 BAZ2A 5hm0_A 62V_A_201 0.473302 

Q15542 TAF5 Q9BZK7 TBL1XR1 6nm7_B 22L_B_201 0.472166 
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Q9UIG0 BAZ1B Q9UIF9 BAZ2A 5fh8_A 5XK_A_801 0.472118 

Q9UIG0 BAZ1B Q8WWQ0 PHIP 4rvr_A 3WQ_A_2001 0.472 

Q9UIG0 BAZ1B Q8WWQ0 PHIP 5fh6_A 5XM_A_801 0.470573 

Q9UIG0 BAZ1B Q9UIF9 BAZ2A 4e96_A 0NS_A_201 0.469584 

Q9UIG0 BAZ1B Q9NRL2 BAZ1A 4ir5_A IR5_A_2013 0.469107 

Q9UIG0 BAZ1B Q9NRL2 BAZ1A 5ii1_A 6BL_A_801 0.467095 

Q9UIG0 BAZ1B Q8WWQ0 PHIP 4ir6_A IR6_A_2007 0.466729 

Q9UIG0 BAZ1B Q8WWQ0 PHIP 5fh8_D 5XK_D_801 0.466127 

Q9UIG0 BAZ1B Q9UIF9 BAZ2A 5dkd_A 5BW_A_1605 0.464858 

Q9UIG0 BAZ1B Q8WWQ0 PHIP 5fh7_A 5XL_A_803 0.463627 

Q9UIG0 BAZ1B Q8WWQ0 PHIP 5dfd_A 59E_A_501 0.46319 

Q9UIG0 BAZ1B Q9UIF9 BAZ2A 4meq_A 25O_A_202 0.461558 

Q9UIG0 BAZ1B Q9UIF9 BAZ2A 4q0n_E 2XD_E_803 0.461173 

Q9UIG0 BAZ1B Q8WWQ0 PHIP 4ir5_A IR5_A_2013 0.460274 

O75764 TCEA3 P07478 PRSS2 1wun_H P5B_H_2001 0.460157 

Q9UIG0 BAZ1B Q8WWQ0 PHIP 4q0o_A 2XC_A_802 0.45928 

Q9UIG0 BAZ1B Q9UIF9 BAZ2A 5i89_A 69B_A_1203 0.457307 

O76071 CIAO1 Q8NBT0 POC1A 3smr_B NP7_B_1000 0.453756 

Q15542 TAF5 Q8NBT0 POC1A 3smr_B NP7_B_1000 0.453756 

O75764 TCEA3 P07478 PRSS2 2zzu_H 359_H_1 0.453471 

Q9UIG0 BAZ1B Q8WWQ0 PHIP 5dbm_C 58N_C_1201 0.45293 

Q9UIG0 BAZ1B Q8WWQ0 PHIP 5cp5_A EB0_A_201 0.452568 

Q14781 CBX2 Q9Y232 CDYL 4izc_B 1GZ_B_301 0.449652 

P17022 ZNF18 Q7Z2T5 TRMT1L 4gom_D 0Y0_D_301 0.449529 

Q03112 MECOM Q7Z2T5 TRMT1L 4gom_D 0Y0_D_301 0.449529 

Q9UIG0 BAZ1B Q9UIF9 BAZ2A 5e3d_A 5JL_A_801 0.449284 

Q14781 CBX2 Q9Y232 CDYL 4x3t_F 45E_F_101 0.449205 

Q9UIG0 BAZ1B Q9NRL2 BAZ1A 4tte_A 36Z_A_1204 0.449123 

Q9UIG0 BAZ1B Q8WWQ0 PHIP 4o7e_A 2RN_A_201 0.448866 

Q9UIG0 BAZ1B Q8WWQ0 PHIP 4uiu_A TVU_A_1123 0.4481 

Q9UIG0 BAZ1B Q8WWQ0 PHIP 5enj_A 5Q9_A_1501 0.446994 

Q9UIG0 BAZ1B Q9UIF9 BAZ2A 4lrg_A 1XB_A_201 0.446987 

Q14566 MCM6 Q9UJA3 MCM8 6ut5_E GSP_E_701 0.446427 

Q15542 TAF5 Q9UKB1 FBXW11 6nm7_B 22L_B_201 0.445822 

O75764 TCEA3 P07478 PRSS2 6m2n_C 3WL_C_401 0.443426 

Q9UIG0 BAZ1B Q9UIF9 BAZ2A 5rjo_A 1P8_A_1501 0.441818 

Q9UIG0 BAZ1B Q9NRL2 BAZ1A 4qsx_A 38S_A_1207 0.441227 

Q9UIG0 BAZ1B Q8WWQ0 PHIP 5enc_A 5QD_A_1503 0.440676 

O76071 CIAO1 Q8TED0 UTP15 5eam_B 5MN_B_401 0.439803 

Q15542 TAF5 Q8TED0 UTP15 5eam_B 5MN_B_401 0.439803 
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Q9UIG0 BAZ1B Q8WWQ0 PHIP 5c4q_A BMF_A_201 0.439649 

Q9UIG0 BAZ1B Q9UIF9 BAZ2A 5ctl_A EB9_A_201 0.439529 

Q9UIG0 BAZ1B Q8WWQ0 PHIP 4cfl_A 8DQ_A_1169 0.439367 

Q9UIG0 BAZ1B Q9NRL2 BAZ1A 5ev9_A 5SB_A_801 0.43839 

Q9UIG0 BAZ1B Q9NRL2 BAZ1A 4qsw_A 38T_A_1207 0.438237 

Q9UIG0 BAZ1B Q8WWQ0 PHIP 4xy9_A 43U_A_202 0.437337 

Q9UIG0 BAZ1B Q8WWQ0 PHIP 5eni_A 5QA_A_1501 0.436794 

O76071 CIAO1 Q8NBT0 POC1A 4ql1_B 35Q_B_401 0.436336 

Q15542 TAF5 Q8NBT0 POC1A 4ql1_B 35Q_B_401 0.436336 

Q9UIG0 BAZ1B Q9NRL2 BAZ1A 4nyv_A 15E_A_1201 0.435352 

P37231 PPARG P41235 HNF4A 3omp_B W14_B_1 0.435301 

Q9UIG0 BAZ1B Q8WWQ0 PHIP 5c89_A 4YT_A_801 0.434409 

Q9UIG0 BAZ1B Q9NRL2 BAZ1A 4tz2_A 39R_A_1205 0.433838 

Q9UIG0 BAZ1B Q9UIF9 BAZ2A 4qr4_A BNK_A_201 0.432843 

Q9UIG0 BAZ1B Q9NRL2 BAZ1A 5a5p_A JTF_A_2111 0.432476 

Q9UIG0 BAZ1B Q9UIF9 BAZ2A 6v0x_A B49_A_301 0.431374 

Q9UIG0 BAZ1B Q9UIF9 BAZ2A 4a9i_C P9I_C_1183 0.430907 

Q9UIG0 BAZ1B Q9NRL2 BAZ1A 4o77_A 2RE_A_201 0.430242 

O76071 CIAO1 Q86VZ2 WDR5B 5j89_B 6GX_B_201 0.429744 

Q09028 RBBP4 Q86VZ2 WDR5B 5j89_B 6GX_B_201 0.429744 

Q15542 TAF5 Q86VZ2 WDR5B 5j89_B 6GX_B_201 0.429744 

Q9UIG0 BAZ1B Q8WWQ0 PHIP 4q0n_E 2XD_E_803 0.429019 

Q14781 CBX2 Q9Y232 CDYL 4izd_B 1HE_B_301 0.42638 

Q9UIG0 BAZ1B Q9NRL2 BAZ1A 5fh8_D 5XK_D_801 0.42621 

Q9UIG0 BAZ1B Q8WWQ0 PHIP 6v0x_A B49_A_301 0.425674 

O43679 LDB2 Q8IV38 ANKMY2 5uij_B TYD_B_402 0.424763 

O75764 TCEA3 P07478 PRSS2 1dy9_B 2ZF_B_401 0.424759 

P37231 PPARG P41235 HNF4A 5die_B 5CJ_B_601 0.424252 

Q9UIG0 BAZ1B Q9UIF9 BAZ2A 5dx4_A E0C_A_201 0.424127 

Q9UIG0 BAZ1B Q9UIF9 BAZ2A 4j0s_A 1H3_A_205 0.423676 

Q9UIG0 BAZ1B Q9UIF9 BAZ2A 4pci_A 2NJ_A_201 0.423545 

P15036 ETS2 Q8NB46 ANKRD52 5uij_B TYD_B_402 0.423481 

Q9UIG0 BAZ1B Q8WWQ0 PHIP 6fgl_A UO1_A_1901 0.422193 

Q9UIG0 BAZ1B Q8WWQ0 PHIP 2ydw_A WSH_A_1183 0.422052 

Q9UIG0 BAZ1B Q8WWQ0 PHIP 6v1k_A 5SW_A_201 0.421968 

P17022 ZNF18 Q8N823 ZNF611 4avv_D GHE_D_1207 0.421803 

P41182 BCL6 Q8N823 ZNF611 4avv_D GHE_D_1207 0.421803 

Q03938 ZNF90 Q8N823 ZNF611 4avv_D GHE_D_1207 0.421803 

Q9UIG0 BAZ1B Q9NRL2 BAZ1A 4qsv_A THM_A_1210 0.421534 

O76071 CIAO1 P54198 HIRA 3smr_B NP7_B_1000 0.420051 
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O00257 CBX4 Q9H5I1 SUV39H2 3rjw_B CIQ_B_2000 0.418568 

Q14781 CBX2 Q9H5I1 SUV39H2 3rjw_B CIQ_B_2000 0.418568 

O76071 CIAO1 P54198 HIRA 5eam_B 5MN_B_401 0.417751 

Q9UIG0 BAZ1B Q9NRL2 BAZ1A 5fh6_A 5XM_A_801 0.41576 

O60828 PQBP1 Q96QZ7 MAGI1 3o5n_E BR0_E_1 0.415122 

P46937 YAP1 Q96QZ7 MAGI1 3o5n_E BR0_E_1 0.415122 

O75764 TCEA3 P07478 PRSS2 3ufa_B VPF_B_201 0.414907 

Q9UIG0 BAZ1B Q9UIF9 BAZ2A 4j0r_A 1H2_A_205 0.414621 

Q9UIG0 BAZ1B Q8WWQ0 PHIP 4hxo_A 1A6_A_201 0.414166 

P37231 PPARG P41235 HNF4A 5aau_B XBR_B_1547 0.413701 

Q9UIG0 BAZ1B Q9NRL2 BAZ1A 4ts8_A XZ8_A_1203 0.412928 

P37231 PPARG P41235 HNF4A 4iu7_B 1GM_B_601 0.412808 

P37231 PPARG Q14541 HNF4G 5hcv_B 60R_B_1001 0.412061 

Q9UIG0 BAZ1B Q9NRL2 BAZ1A 5fe9_A 5WS_A_901 0.410791 

Q9UIG0 BAZ1B Q8WWQ0 PHIP 4tz2_A 39R_A_1205 0.410777 

P15036 ETS2 Q96JP0 FEM1C 5uij_B TYD_B_402 0.409812 

P15036 ETS2 Q8NB46 ANKRD52 5uim_B T3Q_B_402 0.409715 

P03372 ESR1 P22105 TNXB 3t80_C CTN_C_401 0.408727 

Q9UIG0 BAZ1B Q9UIF9 BAZ2A 4hxr_A 1A4_A_201 0.406867 

Q9UIG0 BAZ1B Q8WWQ0 PHIP 5fdz_A 5X0_A_901 0.406476 

Q9UIG0 BAZ1B Q9UIF9 BAZ2A 4j3i_A 1K0_A_201 0.40593 

Q9UIG0 BAZ1B Q8WWQ0 PHIP 5dfc_A EAM_A_503 0.405777 

Q9UIG0 BAZ1B Q9NRL2 BAZ1A 4c66_A H4C_A_1168 0.405181 

P37231 PPARG P41235 HNF4A 4ivw_B 1GJ_B_601 0.404261 

O76071 CIAO1 Q9Y263 PLAA 5eam_B 5MN_B_401 0.404032 

Q15542 TAF5 Q9Y263 PLAA 5eam_B 5MN_B_401 0.404032 

P50281 MMP14 Q8N119 MMP21 4ogk_E THM_E_301 0.403992 

O76071 CIAO1 P62873 GNB1 5eam_B 5MN_B_401 0.403387 

O76071 CIAO1 Q13347 EIF3I 4x9d_E U5P_E_104 0.403052 

P63165 SUMO1 Q9UBT2 UBA2 4ajh_C 88S_C_1335 0.402817 

O76071 CIAO1 Q8TED0 UTP15 4ql1_B 35Q_B_401 0.402607 

Q15542 TAF5 Q8TED0 UTP15 4ql1_B 35Q_B_401 0.402607 

Q9UIG0 BAZ1B Q9UIF9 BAZ2A 5iid_A 6BK_A_801 0.402341 

Q9UIG0 BAZ1B Q9NRL2 BAZ1A 5fh7_A 5XL_A_803 0.401412 

Q9UIG0 BAZ1B Q9NRL2 BAZ1A 5a5r_A NP8_A_2111 0.401086 

P63165 SUMO1 Q9UBT2 UBA2 4ajl_D 88W_D_1333 0.400976 

Q9UIG0 BAZ1B Q9UIF9 BAZ2A 5eni_A 5QA_A_1501 0.400948 
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Table 3.S3 Predicted PCIs involving PrePPI predicted master regulator binding proteins.  

PCIs with high LT-scanner scores and low sequence similarity scores which contact at least 5 

residues on the target protein and which overlap the predicted master regulator binding site. 
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Chapter 4: Structural specificity analysis of druggable pockets 

within protein-protein interaction interfaces 

 

4.1 Introduction 

While the structural conservation of ligand binding sites enables PrePCI to identify surface 

regions on new proteins which likely bind similar ligands, this conservation often complicates the 

development of targeted therapeutics, as drugs intended to target one protein also bind and inhibit 

other proteins with similar binding sites148, 149. One particularly notable example of this 

phenomenon occurs in the family of protein kinases, a class of approximately 500 enzymes which 

phosphorylate other proteins150, 151. These phosphorylation events are often key mediators of 

signaling pathways by which the cell senses and integrates environmental stimuli and coordinates 

responses ranging from cell migration to mitosis and apoptosis152, 153. Consistent with these critical 

roles in mediating cell survival signals, dysregulation of protein kinase activity is associated with 

an array of diseases including numerous oncologic, inflammatory and degenerative diseases154, 155. 

Pharmacologic inhibition of specific protein kinases without disrupting normal cellular networks 

is therefore clinically desirable. However, most kinases share a highly similar ATP-binding site 

and consequently, drugs intended to inhibit a specific kinase by targeting its ATP binding site often 

bind to and inhibit other kinases as well150, 156. This off-target activity can lead to widespread 

disruption of cellular signaling networks, mediating unwanted side-effects and toxicity and 

limiting clinical utility157. Accordingly, it is of great interest to develop targeted inhibitors which 
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can specifically interact with a single protein, or comparatively small subset of proteins, within a 

protein family. 

Numerous strategies have been developed to identify unique regions within protein pockets 

which can confer pharmacologic selectivity. Grid-based features describing the local 

pharmacophoric environments within protein pockets have been used to highlight regions which 

are unique to the target protein and may potentially be targeted for increased drug specificity158-

160. Similarly, research in volumetric descriptions of cavities161, 162 and cavity electrostatic 

isopotentials163, 164 has been applied to identify subpockets that are unique to individual proteins 

within a family and which may confer specificity to a specific substrate. Use of multiple protein 

structures, including homology models, enables the construction of binding site similarity 

distributions and the detection of subpockets that are significantly distinct from other proteins 

within the family which may indicate selectivity determining regions165, 166. 

While such methods have the promise of identifying specificity determining regions within 

active sites when such regions exists, an emerging alternative strategy is to develop small 

molecules capable of modulating interactions between proteins, either disrupting or stabilizing the 

complexes through which they mediate their biological effects167. Such “edgetic perturbations” 

present the opportunity to more finely perturb individual protein functions as, rather than entirely 

eliminating the activity of a target protein, a PPI modulating drug may more precisely target some 

functionality by directly disrupting its interaction with some proteins while preserving interaction 

with others168, 169. Moreover, targeting PPIs may help to expand the range of druggable targets, as 

many proteins of clinical interest have intrinsically disordered regions which complicate 

identification of small molecules which will efficiently bind them170. While such proteins may be 
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difficult to target directly, it may be possible to alter their activity indirectly by instead targeting 

the proteins to which they bind. 

Despite the potential benefits, disrupting PPIs with small molecules has historically been 

considered particularly challenging due to the distinct physicochemical features of protein-protein 

interfaces. PPI interfaces, often between 1500 and 3000A2, are typically significantly larger than 

the 300-1000A2 surface area characteristic of drug-like small molecules171, 172. Moreover, PPI 

interfaces are often relatively flat and featureless compared to conventional active site pockets, 

lacking substantive grooves which can encapsulate a small molecule and provide sufficient 

stabilizing contacts to prevent diffusion away173-175. Finally, the interior surfaces of PPI interfaces 

tend to be predominantly hydrophobic and lacking specificity determining features such as charged 

residues or hydrogen bond donors/acceptors which could enable the design of selective drugs171. 

Further complicating the design process, whereas enzymes typically bind to endogenous 

metabolites which can be used as an initial lead for subsequent pharmacologic optimization, PPIs 

rarely have such conjugate small molecules and consequently any inhibitor would likely need to 

be designed from scratch176. Consequently, developing specific small molecules capable of 

binding a protein-protein interface stably and specifically enough to disrupt individual protein-

protein interfaces has long been considered particularly challenging.  

The above challenges notwithstanding however, numerous PPI inhibitors have been 

developed recently with several gaining clinical approval. The first approved PPI inhibitor was 

venetoclax which targets the pro-apoptotic Bcl-2, preventing its association with anti-apoptotic 

proteins and thereby inducing cell death177. Since it was first approved in 2016 for use in chronic 

lymphocytic leukemia, venetoclax has been successfully applied to treating additional 

malignancies including small lymphocytic lymphoma and acute myeloid leukemia178. Moreover, 
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several additional PPI inhibitors have also been approved for various cancers in the intervening 

years179. In addition to these clinical successes, databases such as the 2P2I180, 181, DLiP-PPI182 and 

IPPI-DB183 containing experimentally validated PPI disrupting small molecules have been created 

to facilitate the discovery of novel PPI inhibitors and therapeutics. 

With the growing clinical and scientific successes in identifying small molecules capable 

of modulating PPIs, several groups have sought to analyze the prevalence and properties of PPI 

interfaces that are disruptable by small molecules. Systematic structural analyses of the PDB 

suggest that druggable pockets within PPI interfaces may be more widespread than previously 

recognized. Da Silva et al. identified over 160,000 pockets within and near PDB protein-protein 

interfaces that were predicted to be druggable95, 184. They found that these protein-protein 

interfacial pockets are, in general, structurally distinct from conventional active site pockets, 

finding only two similar pocket pairs out of 1.98 billion comparisons between conventional 

ligandable sites and PPI druggable pockets, prompting the authors to posit that PPI inhibitors may 

occupy as-of-yet unexplored regions of chemical space, orthogonal to conventional inhibitors95. 

Moreover, Skolnick and Zhou found that 58% (48%) of homomultimeric (heteromultimeric) 

interfaces contained a concave region large enough to support ligand-binding on both sides of the 

interface and another 14% (19%) of homomultimeric (heteromultimeric) interfaces contained a 

concave pocket on one side of the interface185. Moreover, the authors observed numerous instances 

where metabolites bound to residues associated with protein binding in PPIs involved in separate 

metabolic pathways, which the authors speculate could be a mechanism coupling the metabolic 

state of the cell to the protein-protein interactome185. 

The pharmacologic successes in disrupting a selection of PPIs as well as the systematic 

analyses of protein structures described above support the plausibility of developing orthosteric, 
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PPI inhibitors on a larger scale. While such small molecules may enable the targeting of new 

classes of proteins, it remains uncertain whether PPI inhibitors will target these proteins any more 

selectively than conventional active site drugs. Some studies note that, whereas the evolution of 

active sites is constrained by the geometric and physicochemical requirements of catalysis, protein-

protein interfaces are able to tolerate a greater degree of sequence variability. In particular, partially 

solvent exposed residues in the rim of the PPI interface mutate at a faster rate than core residues, 

increasing the structural diversity of interfaces and the plausibility of greater drug selectivity186, 

187. Additionally, Johnson and Karanicolas analyzed low-energy pockets generated through a 

Rosetta structural sampling protocol within the PPI binding interfaces of Bcl-2 family proteins and 

found that, while most proteins in the family contained a structurally similar binding pocket, the 

fluctuations in binding pocket structure for each protein were not identical, instead producing 

structurally distinct pockets in each protein which the authors suggest could confer selectivity188. 

In contrast, numerous studies of protein-protein interfaces present evidence highlighting 

the conservation of protein-protein interfaces, potentially undermining the prospects of selectivity. 

Studies by our lab have found that protein-protein interfaces tend to be highly geometrically 

conserved, including between proteins from different protein families189, 190. Guharoy and 

Chakrabarti found that hotspot residues, or residues whose mutation to alanine causes a large 

change in the PPI’s binding free energy, are more highly conserved than the rest of the interface191. 

Moreover, using a method called Multiple Structural Alignments of Protein-Proteins Interactions 

(MAPPIS), Shulman-Peleg et. al. found that conserved physicochemical features could be used to 

predict the location of such hotspot residues192. The physicochemical conservation of these sites 

questions the purported structural diversity of PPI pockets underlying the expectations of increased 

small-molecule specificity.  
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For this reason, we were interested in assessing whether the pharmacologically relevant 

pockets within protein-protein interfaces are as structurally conserved as active site pockets, or 

whether there is a greater degree of structural variability which might make PPI pockets more 

unique and confer increased pharmacologic specificity. We used the tool Volsite193, 194 to generate 

grid-based pharmacophoric feature maps of pockets associated with typical ligand binding sites 

from the scPDB database195-197 as well as within human PPIs from the PPIome database95 (see 

Materials for more details). We then clustered each protein’s pockets using pairwise similarity 

scores to identify a structurally distinct set of pockets associated with each protein. Finally, we 

estimated the expected number of off-target proteins that would be likely affected by 

pharmacologically targeting each unique pocket, both within the PFam family198 of the domain 

associated with the pocket, as well as in all proteins outside the family as a control (Figure 4.1 and 

Methods). We found that PPIs pockets tended to be associated with fewer predicted off-targets 

than conventional active site pockets, however, we note that this result was family specific with 

some protein families displaying no significant difference between PPI and conventional pockets. 

We discuss possible sources of bias which may have impacted our results and suggest means of 

ameliorating these biases in future studies. 
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Figure 4.1 Pocket-based comparison method for identifying off-targets.  

(A) Beginning with a protein, P1, all other proteins in the database (either scPDB or PPIome) 

within the same PFam family (P2, P3) are identified and druggable pockets are detected in all 

proteins using Volsite. Each pocket is labeled as “C”, for cavity (to reserve the label “P” for 

protein), where the superscript (Pi) indicates which protein the cavity occurs in and the subscript 

(j) indicates the arbitrary index labeling the pocket. (B) Pairwise similarity metrics are computed 

for all of P1’s pockets which are subsequently hierarchically clustered to identify structurally 

unique pocket clusters (PC1, PC2). For each pocket cluster beginning with PC1, all pairwise 

pocket similarities between the cluster pockets and pockets in P2 are computed (black outline), the 

maximal observed similarity is identified (dark green square with bold blue outline) and P2 is 

considered an off-target of the pocket if this similarity exceeds a cutoff. This process is repeated 

for all remaining proteins within the PFam family (ie P3) to determine the fraction of family 

proteins which are off-targets of the pocket cluster. This procedure is then repeated for each pocket 

cluster (ie PC2), and finally using all other proteins within the family (ie P2 and P3) as the 

reference protein to generate distributions of the fraction of off-target proteins for each unique 

pocket in the family. A similar procedure is performed to identify off-targets proteins from other 

PFam families (ie using proteins P2, P3 from different PFam families) in order to estimate the 

background rate of off-targets defined by this method. 
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4.2 Results 

4.2.1 Druggable PPI pockets are associated with fewer off-targets than active site 

pockets in some protein families. 

To compare the expected number of off-target proteins which would be affected by 

pharmacologically targeting conventional active site pockets compared to pockets occurring in PPI 

interfaces, we first used Volsite to identify active site and PPI-associated druggable pockets in the 

scPDB195-197 and PPIome95 databases respectively. We then computed similarity metrics for all 

pairs of pockets for each protein and used hierarchical clustering to group the pockets into 

structurally distinct clusters. We subsequently compared the pockets in each cluster to pockets 

from all other protein domains within the same PFam family to determine what fraction of within-

family domains contained at least one pocket with a similarity greater than 0.44, a threshold 

suggested by the Desaphy et al. to distinguish between similar and dissimilar pockets194. Proteins 

containing a pocket with a similarity exceeding 0.44 were considered as likely off-targets of any 

drug designed to target the original cavity cluster. We repeated this procedure using proteins which 

did not belong to the same PFam family in order to estimate the background expectation of cavity 

similarity as well as to assess the sensitivity of the method to discriminate true off-target sites. 

Using the above approach, we estimated the fraction of proteins within a protein family, as 

well as outside the family, which would likely be an off-target of a drug designed to target each 

distinct pocket cluster, focusing on families with at least 5 proteins in both the scPDB and the 

PPIome. This analysis included pockets for the PFam families composed of protein kinase domains 

(PF00069), ras domains (PF00071), trypsin domains (PF00089), nuclear hormone receptor ligand 

binding domains (PF00104), SET domains (PF00856) and tyrosine kinase domains (PF07714). 

The distributions of within-family off-targets for scPDB pockets were significantly greater than 
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the distribution of out-of-family off-targets for all of the above families except SET domains 

(Figure 4.2, blue vs green), generally consistent with the observation that active sites are highly 

structurally conserved within families. In contrast, the distributions of within-family off-targets 

for PPIome pockets were never significantly different from the distribution of off-targets outside 

of the PFam family (Figure 4.2, orange vs red), suggesting that PPI pockets tend to be less tightly 

conserved and that the similarity PPI associated pockets within families are as similar to one 

another as pockets from randomly chosen pairs of proteins. However, we also found that the 

fraction of expected within-family off-targets for PPIome pockets from protein kinase, ras and 

nuclear hormone receptor ligand binding domains were not significantly different from scPDB off-

targets (Table 4.S1 and Figure 4.2 A-C, blue vs orange), whereas they were significantly different 

in the cases of ras domains, trypsin domains and tyrosine kinase domains (Table 4.S1 and Figure 

4.2 D-F, blue vs orange). These results suggest that the plausibility of developing targeted PPI 

inhibitors may depend on the specific target of interest. For example, it may be more feasible to 

specifically disrupt PPIs involving tyrosine kinases and ras kinases than nuclear hormone receptors 

or kinases overall, as pockets belonging to the former groups are associated with significantly 

fewer off-targets than the latter. Moreover, the insignificant differences between scPDB and 

PPIome cavities for SET domains suggest that active site inhibitors may be sufficiently unique to 

achieve targeted therapeutics for this class without attempting to develop PPI inhibitors. 
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Figure 4.2 Distribution of expected number of off-targets.  

For each unique cavity, the number of proteins within (outside of) the same PFam family 

containing a pocket with a Tversky Index > 0.44 was obtained and normalized by the number of 

proteins within (outside) the family for (A) Protein Kinases, (B) Nuclear Hormone Receptor 

Ligand Binding Domains, (C) SET Domains, (D) Ras Domains, (E) Tryspin Domains and (F) 

Tyrosine Kinase Domains. Black bars above pairs of distributions indicate that the two 

distributions are statistically significantly different (Bonferroni adjusted Mann-Whitney U Test p-

value < 0.05). Gray bars indicate pair of distributions were not statistically significantly different. 

 

The above analysis was based on using a threshold separating similar pockets from 

dissimilar pockets of 0.44. By allowing the threshold to vary from 0 to 1, we observed the expected 

fraction of proteins containing an off-target pocket as a function of the similarity threshold. From 

the resulting plots, we observe that, within the range of roughly 0.4 to 0.6, the above results appear 

largely independent of the threshold used. PPIome off-target curves associated with kinase and 

nuclear hormone receptor ligand binding domains were uniformly below the scPDB curves but 
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with overlapping confidence intervals, undermining the plausibility of greater drug selectivity for 

PPI pockets in these domains. Meanwhile PPIome off-target curves associated with SET domains 

were generally above the curves for scPDB pockets, reinforcing the conclusion that greater drug 

selectivity might be obtained by targeting the SET domain active sites compared to its PPI pockets. 

In contrast, ras and tyrosine kinases showed fairly robust separation between PPIome curves, 

which were virtually indistinguishable from background, and scPDB curves, suggesting that 

targeting PPIs in ras and tyrosine kinases might yield increased specificity and fewer off-targets 

than targeting active site pockets. Similarly, trypsins displayed a fairly string separation between 

scPDB and PPIome pockets, with PPIome pockets becoming nearly indistinguishable from 

random below a similarity threshold of 0.44. 

 

Figure 4.3: Fraction of off-target proteins as a function of Tversky Index.  

For each unique pocket cluster, the maximal similarity between a pocket within the cluster and a 

pocket in a partner protein was determined. The number of off-target proteins was plotted as a 

function of the Tversky Index threshold, where a protein was considered an off-target if it 

contained a pocket with a similarity greater than the threshold. Analyses performed for the PFam 

Families (A) Protein Kinases, (B) Nuclear Hormone Receptor Ligand Binding Domains, (C) SET 

Domains, (D) Ras Domains, (E) Tryspin Domains and (F) Tyrosine Kinase Domains. Vertical line 

corresponds to Tversky Index = 0.44 to facilitate comparison with Figure 4.2. 
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4.3 Discussion 

We have presented preliminary work in analyzing the structural heterogeneity of druggable 

pockets which occur in protein-protein interfaces. We observed a tendency of PPIome pockets 

being associated with fewer predicted off-targets than corresponding pockets in the scPDB. 

However, we note that this effect is family specific, occurring most prominently in tyrosine kinase, 

trypsin and ras domains while being statistically insignificant in protein kinase, SET and nuclear 

hormone receptor ligand binding domains. 

Notably, more than half of out-of-family proteins were identified as off-targets for many 

pockets, especially kinases and nuclear hormone receptor ligand binding domains (Figure 4.2, 

green and red). While it is possible that these domain families simply contain pockets which are 

structurally similar to many other proteins, it is suspicious that so many off-targets are found 

outside of the PFam family. It is possible that a more stringent cutoff criterion for off-target could 

be used, such as 0.6 which nearly eliminates all predicted out-of-family off-targets in both the 

scPDB and PPIome for all families (Figure 4.3), however additional benchmarking would be 

required to identify an optimal threshold. Alternatively, the current analysis is based on a similarity 

calculation which includes an adjustable parameter set to 0.95 (see Methods). While this parameter 

value was found to be optimal when originally studied in 2012194, it is possible that a value which 

better separates on-targets from off-targets for updated datasets could be identified. Finally, 

alternative cavity comparison methods199-205 may provide more robust distinction between on-

target and off-target cavities. 

4.3.1 Possible Sources of Bias 

The above results based on available PDB structures suggest that, for some protein 

families, it may be possible to design drugs targeting PPI interfaces which would result in fewer 
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off-targets than drugs directed at conventional active sites. However, this analysis is complicated 

by at least three potential sources of bias, sampling bias, holo-structure bias and methodological 

bias, which we describe in more detail here and suggest how future work might address these 

biases in chapter 6. 

4.3.1.1 Sampling Bias 

Some proteins in the PDB have been crystallized numerous times, with each structure 

presenting the opportunity for slight structural distortions in pocket geometry which increase the 

probability of yielding a structurally unique pocket. Proteins which are less frequently crystallized 

lack these additional opportunities, thus limiting the number of distinct pockets which can be found 

in these proteins relative to their more popular homologs. Consequently, when searching for 

proteins with potential off-targets pockets, underrepresented proteins will have sampled less of the 

pocket structural space that is available to them, decreasing the probability of finding a highly 

similar pocket. Since this would tend to underestimate the number of off-targets, this sampling 

bias could potentially shift the off-target distributions in Figure 4.2 (Figure 4.3) downward 

(leftward), giving an erroneously favorable estimation of the selectivity of PPI binding sites. While 

this effect is, in principle possible for the scPDB as well, we expect that it would be less 

pronounced than for PPIome due to the holo-structure bias presented in the next section. 

4.3.1.2 Holo-structure Bias 

The scPDB is a database derived from PCI holo-structures. As described in Section 3.1.2, 

proteins can undergo large conformational changes upon ligand binding which result in surface 

geometries which are distinct from the unbound state58. Moreover, binding of a ligand to a protein 

surface results in the formation of specific interactions which can restrict the conformational space 

of the protein. Pockets bound by ligands may therefore be less structurally variable than the 
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corresponding sites in the absence of ligand and, consequently, scPDB pockets may be artificially 

more similar to one another due to the presence of a stabilizing ligand than apo-structure pockets 

occurring of the same sites. As such ligand-bound structures are not generally available for PPI 

pockets, the observed increase in the number of off-targets associated with scPDB pockets 

compared to PPIome pockets may be due in part to the fact that the former were detected in holo-

structures while the latter were detected in apo-structures. Repeating the analysis using pockets at 

ligand-binding sites derived from apo-structures may provide a fairer comparison between 

conventional active site pockets and PPI pockets. 

4.3.1.3 Methodological bias 

In identifying whether a protein contained a pocket which exceeded a given threshold, we 

searched for off-targets by identifying the pocket in a potential off-target protein which was most 

similar to a pocket from the cluster. While this approach provides a worst-case estimate of the 

number of off-target proteins which would likely result from targeting a given cavity, it neglects 

Johnson and Karanicolas’s observation that proteins within the Bcl-2 family, despite sharing a 

structurally similar pocket, also display fluctuations which can enable the formation of structurally 

distinct pockets which could impart drug selectivity. As a result, in identifying the most similar 

pocket between two sets, we implicitly ignored the possibility developing inhibitors that 

specifically target the least similar pockets. As shown in Figure 4.4, if PPIome pockets exhibit 

larger structural variations around a shared common core pocket, it may be possible to identify 

more structurally distinct cavities than the scPDB, even if the minimum distance between clusters 

remains unchanged. Possible methods for ameliorating this bias are suggested in Chapter 6. 



102 

 

 

Figure 4.4 Hypothetical Methodological Bias.  

The analysis used in this study identified the most similar pockets between two proteins without 

taking pocket fluctuations which might be unique to individual proteins into account. (A) 

Hypothetical schematic of the range of possible active-site pockets for three proteins in a two-

dimensional abstract pocket space. The shortest distance between pockets (black dashed lines) is 

of similar magnitude as the largest distances (green dashed lines) since active site fluctuations are 

fairly small. (B) Hypothetical schematic of the range of possible PPI pockets for three proteins in 

two-dimension abstract pocket space. Here, the shortest distance between pockets is identical to 

that of active sites, (black dashed lines) however the fluctuations are comparatively larger, 

resulting in larger maximal distances between pockets (green dashed lines) and unique pockets in 

each protein that are ignored if minimal distance (i.e. maximal similarity) is the primary selection 

criteria.  

 

4.4 Materials and Methods 

4.4.1 Materials 

Volsite/Shaper - Volsite is a grid-based method for identifying and assessing the druggability of 

pockets on proteins surfaces193, 194. It begins by instantiating a grid around a protein of interest and 

then identifying points exterior to the protein surface using ray-casting. Points exterior to the 
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protein surface are then evaluated for buriedness, where 120 uniformly distributed rays are 

emanated from the point and the number which impinge on the protein surface are tallied. Buried 

points are those where the number of rays which impinge on the protein exceeds a cutoff, 40 by 

default194. Cavities are then defined as densely connected regions of buried grid points exterior to 

the protein surface. Each point of the cavity is subsequently labeled as a pharmacophoric feature 

which is the inverse of the nearest protein atom to the grid point. For example, points near a 

hydrogen bond donor would be labeled as a hydrogen bond acceptor while points neighboring a 

positive charge would be labeled as a negative charge. In this way, the cavities defined by Volsite 

describe the spatial orientation of complementary pharmacophoric features that a drug targeting 

that site would need to have194. 

Volsite cavities were compared using the Shaper tool which describes the pocket’s 

pharmacophoric features using a smooth Gaussian function from OpenEye’s ShapeTK package 

and attempts to maximize the overlap between two pockets194. Once two pockets are aligned, they 

can be compared using a Tversky Index defined as: 

𝑇𝐼 =  
𝐼𝐴𝐵

𝐼𝐴𝐵 + 𝛼𝐷𝐴 + 𝛽𝐷𝐵
 

where IAB are the number of points the two cavities have in common, DA and DB are the number 

of points distinct to cavities A and B respectively, and α and β are adjustable weight terms which 

sum to one and have the effect of prioritizing one cavity () as the reference and the other () as 

the comparison. Following Desaphy et al, we used the Shaper default values of =0.95 and =0.05 

and chose the smaller of the two pockes as the reference pocket and the larger as the comparison. 

Previous benchmarking of Volsite and Shaper found that these tools can efficiently differentiate 

between similar and dissimilar pockets, and the authors recommended the use of 0.44 as a 

threshold for distinguishing between similar and dissimilar pockets194. 
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PPIome –The PPIome is a database of pockets within protein-protein interfaces that are 

predicted to be druggable95. Da Silva et al defined 4 types of cavities in their analysis: Interfacial, 

Rim, Allosteric and Orthosteric. Orthosteric pockets were identified by superimposing monomeric 

chains onto identical proteins in protein complexes. The monomeric chains were then evaluated 

for druggable pockets using the program Volsite and cavities which contained at least one grid 

point within 4.5A of the interface were retained. In contrast, Interfacial, Rim and Allosteric cavities 

were identified in the complex structures and could accordingly be inhibitors or stabilizers 

depending on the extent of PPI interface occlusion95. We chose to focus on orthosteric pockets as 

possible targets of orthosteric PPI inhibitors. Summary descriptors of each cavity in the PPIome 

were obtained from: 

 http://bioinfo-pharma.u-strasbg.fr/labwebsite/downloads/PPIome/Cavities_O_RAW.csv. 

Pockets corresponding to human proteins were programmatically downloaded directly from the 

PPIome website using curl. However, when we attempted to map the individual cavities to the 

protein residues they contact, we found zero neighboring residues within 4A of cavity grid points 

for several pockets. Careful inspection of several examples suggested that the discrepancy 

typically occurred in cases of homomultimers, where it appeared that a different chain than the 

one identified by the PPIome was aligned to the PPI structure, however the pocket was detected in 

the chain described by the PPIome summary data. We chose to reperform the pocket detection as 

described below to ensure that all pockets considered in this study met our criteria to be considered 

orthosteric. 

scPDB - The scPDB (screening PDB) is a minimally redundant database containing 

structures of proteins in complex with drug-like small molecules195-197. It contains formatted mol2 

files corresponding to the protein and ligand structures which are directly usable by Volsite. The 

http://bioinfo-pharma.u-strasbg.fr/labwebsite/downloads/PPIome/Cavities_O_RAW.csv
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scPDB database was obtained from http://bioinfo-pharma.u-

strasbg.fr/scPDB/ressources/2016/scPDB.tar.gz. A summary table was obtained by querying the 

scPDB online database (http://bioinfo-pharma.u-strasbg.fr/scPDB/FORM) with an empty search 

string and exporting the resulting entries to a csv-formatted file. 

PDBFam - The PDBFam206 database maps individual protein chains in the PDB to their 

respective PFam198 families with residue level resolution. We used the PDBFam to prevent 

comparisons between pockets occurring on different domains of multidomain proteins by mapping 

pocket contact residues (residues with an atom within 4A of a pocket grid point) to their associated 

PFam domains198, 206. PDBFam was accessed on 21 August 2023 from 

http://dunbrack2.fccc.edu/ProtCiD/PDBfam/Download.aspx. 

 

4.4.2 Methods 

Cavity Detection, assignment to PFam domains and similarity calculation 

For each pocket identified within a human protein in the PPIome database, the monomer 

associated with the pocket was aligned to its corresponding PPI chain using ska97, protonated using 

the Protoss API207, 208 and converted to mol2 files with chimera209. Pockets were then detected 

using Volsite 193, 194 in protein mode using the protein mol2 as an argument as follows: 

ichem volsite <protein.mol2> 

For each pocket, any residue with at least one atom within 4A of a cavity grid point was considered 

a contacting residue and orthosteric pockets were defined as any pocket with a volume between 

230A3 and 1350A3 (following Desaphy et al.)194 which contacted at least 3 residues of the target 

protein and 2 residues on the partner protein.  

http://bioinfo-pharma.u-strasbg.fr/scPDB/ressources/2016/scPDB.tar.gz
http://bioinfo-pharma.u-strasbg.fr/scPDB/ressources/2016/scPDB.tar.gz
http://bioinfo-pharma.u-strasbg.fr/scPDB/FORM
http://dunbrack2.fccc.edu/ProtCiD/PDBfam/Download.aspx%20on%2021%20August%202023
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For the scPDB, pockets corresponding to each ligand binding site were identified using 

Volsite in ligand mode by including the ligand mol2 as an argument as follows: 

ichem volsite <protein.mol2> <ligand.mol2> 

and as for the PPIome, contacting residues were defined as any residue with at least one atom 

within 4A of a pocket grid point. 

Cavity contact residues obtained during the cavity detection described above were cross-

referenced with the domain definitions in PDBFam206. Each cavity was assigned to any domain 

which contained at least one contact residue. PFam families which contained at least 5 proteins 

were retained for further analysis. 

We used the Shaper194 tool to compute Tversky Indices for all pairwise combination of 

pockets in human proteins within each database, using the smaller of the two pockets as the 

reference and the larger as the comparison. 

Clustering Protein Pockets 

To reduce the redundancy and sampling bias associated with different proteins being 

represented by varying numbers of PDB files, we clustered all of the pockets for each protein in 

the scPDB and PPIome databases to identify groups of structurally unique pockets. Clustering was 

performed separately for each database. For each protein, all pairwise Tversky Indices were 

computed using Shaper as described above. Tversky Indices were converted to distances by 

subtracting the observed Tversky Index from 1: 

𝑑(𝑃1, 𝑃2) = 1 − 𝑇𝐼(𝑃1, 𝑃2) 

and aggregated into a single distance matrix. We performed average-linkage hierarchical 

clustering using a threshold of 0.65 which corresponds to a Tversky Index of 0.35 which was 

recommended as a more conservative threshold for identifying dissimilar pockets194. 
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Estimation of the number of off-target proteins for each pocket 

For each pocket cluster, we identified the most similar pocket on every other protein within 

the same PFam family. Proteins which contained a pocket with a Tversky Index > 0.44 with one 

of the cluster pockets were considered to be an off-target of that cavity. We repeated the analysis 

with proteins outside of the PFam family to determine the expected rate of “off-target” proteins 

obtained via this analysis among proteins we do not expect to be similar. The number of off-targets 

was then normalized by the number of proteins in each group to obtain the fraction of off-target 

proteins in each set. We repeated this process for every protein in each PFam family with at least 

5 proteins in both the scPDB and the PPIome, generating distributions of the fraction of off-target 

proteins for each pocket, both within and outside of the protein family. We compared the 

distribution of scPDB off-targets to the distribution of PPIome off-targets, as well as comparing 

the scPDB and PPIome distributions to their respective out-of-family background distributions, 

using a Mann-Whitney U Test (Figure 4.2). P-values were adjusted using a Bonferroni correction 

to account for multiple hypothesis testing (Table 4.S1). We also performed threshold independent 

visualization by varying the threshold from 0 to 1 and displaying the fraction of each protein family 

which is predicted to be an off-target at any intermediate threshold (Figure 4.3). 
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4.5 - Supplemental Information 

 

A 

Off-target Distribution 
Comparisons 

Protein 
Kinase 
Domain 

Ras 
Domain 

Trypsin 
Domain 

Nuclear 
Hormone 
Receptor 
Ligand 
Binding 
Domain 

SET (Lysine 
Demethylase) 
Domain 

Tyrosine 
Kinase 
Domain 

scPDB/PPIome 0.066 2.27E-04 2.06E-04 0.137 0.064 3.85E-05 

scPDB/scPDB Random 3.16E-13 4.33E-08 1.39E-03 3.85E-05 6.29E-03 1.36E-08 

PPIome/PPIome Random 0.012 0.091 0.062 0.038 0.375 0.182 

 

 

B 

Off-target Distribution 
Comparisons 

Protein 
Kinase 
Domain 

Ras 
Domain 

Trypsin 
Domain 

Nuclear 
Hormone 
Receptor 
Ligand 
Binding 
Domain 

SET (Lysine 
Demethylase) 
Domain 

Tyrosine 
Kinase 
Domain 

scPDB/PPIome 1 4.08E-03 3.70E-03 1 1 6.93E-04 

scPDB/scPDB Random 5.69E-12 7.79E-07 0.025 6.92E-04 0.113 2.45E-07 

PPIome/PPIome Random 0.208 1 1 0.687 1 1 

 

Table 4.S1 Statistical significance of off-target distributions. 

 (A) Raw p-values obtained by Mann-Whitney U test comparing the distribution of off-target 

proteins (maximal Tverskey Index > 0.44) for each pocket cluster. (B) Bonferroni adjusted p-

values computed as minimum(1, 18 * (raw p-value)). Adjusted p-values < 0.05 in bold.   
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Chapter 5: Estimation of volatile odorant Binding Affinities to 

wildtype and mutant MhOR5 using Free Energy Perturbation 

 

5.1 Introduction 

5.1.1 Olfactory Receptors 

Chemical space is vast and discriminating between distinct, yet highly similar, small 

molecules can be essential for survival. Accordingly, accurate detection of specific small 

molecules via olfaction poses a unique challenge as, unlike photoreceptors which detect light 

waves that vary in frequency and amplitude but are otherwise qualitatively similar, olfactory 

receptors (ORs) must be able to recognize a diverse array of odorants which are qualitatively 

distinct from one another210-212.  This discriminatory capacity the olfactory system is typically 

achieved by encoding the identity of each small molecule as the specific combination of ORs 

activated by the odorant. Rather than identifying a single compound via highly specific 

interactions, ORs tend to recognize common structural and physicochemical features shared by 

numerous small molecules. Similarly, each odorant does not bind to a single olfactory receptor, 

rather to an entire repertoire, with each OR identifying a distinct set of features213. Though two 

small molecules may bind and activate an overlapping subset of ORs, the entire repertoire of ORs 

activated by a given odorant is unique to that odorant. This strategy enables highly specific odorant 

discrimination using a finite collection of ORs as the identity of the odorant can be inferred from 

the simultaneous activation of individually promiscuous olfactory receptors210-212. 
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5.1.2 Biotechnological chemosensors 

There has been recent interest in co-opting the discriminatory capacity of the olfactory 

system in order to develop devices to detect and identify specific small molecules. In contrast to 

vertebrate ORs which are G-protein coupled receptors214, 215, insects typically utilize 

heterotetrameric ion channels216, 217 composed of a highly divergent OR subunit responsible for 

detecting the ligand, and a highly conserved Olfactory Receptor Coreceptor (orco) subunit218, 219. 

This combination of a highly conserved functional subunit with a highly divergent detection 

subunit facilitates the evolution of new olfactory receptor chains by decoupling of ligand sensing, 

which requires a diverse repertoire of odorant binding sites, from channel opening, which depends 

on preserved functional activity of the channel219.  

Curiously, the olfactory receptor of the jumping bristletail, Machilis hrabei, is a 

homotetrameric ion channel and does not contain an orco subunit, likely due to the divergence of 

M. hrabei from the neopteran insect lineage prior to the evolution of orco213. The structure of the 

broadly tuned M. hrabei OR5 (MhOR5) was recently solved by Dr. Vanessa Ruta in the unliganded 

apo states, as well as in complex with the ligands eugenol and DEET (PDB files 7LIC, 7LID and 

7LIG respectively). The Ruta lab also performed GCaMP fluorescence dose-response assays 

measuring channel activity in response to a diverse panel of odorants, as well as measuring the 

effect of MhOR5 odorant binding site mutations on channel activity in response to DEET and 

eugenol exposure. From these assays, they obtained the half maximal effective concentration 

(EC50) characterizing the concentration of ligand which produced half the maximal fluorescence 

signal, providing an estimate of binding affinity and a quantitative benchmark for retrospective 

Free Energy Perturbation analysis213. 
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Here, we describe an ongoing effort to study the ligand binding preferences of MhOR5 

using FEP. Specifically, we are interested in evaluating whether FEP+ can be used to characterize 

the binding affinity of an array of infection associated small volatile odorants to MhOR5, with the 

long-term interest of accelerating the development of biotechnological platforms for detecting 

specific small molecules.  

5.1.3 Prospective Ligand FEP 

Previously, Dr. Pierre Devlaminck from Dr. Richard Friesner’s lab performed extensive 

Relative Binding FEP (RBFEP) simulations of the MhOR5 system in complex with a selection of 

the ligands studied by the Ruta group. The goal of these studies was to assess the reliability of FEP 

to reproduce the GCaMP activity data described above. Of the 55 compounds tested by Dr. Ruta, 

Dr. Devlaminck chose 33 to analyze by FEP, splitting them into 6 congeneric series of small 

molecules. These series were comprised of phenols, benzoyls, aliphatic alcohols, aliphatic 

carbonyls, aliphatic esters and heterocycles. Eugenol was used as the reference ligand for benzoyl 

and phenol compounds. For each of the remaining 4 congeneric series, a representative ligand was 

chosen and IFD-MD was used to produce an initial pose which would form the basis for subsequent 

RBFEP calculations. For compounds for which the EC50 was measurable within the dynamic range 

of the experiment, these analyses were fairly successful, achieving an R2 of 0.55 for the correlation 

of predicted change in binding affinity (ΔΔG) and observed Δlog(EC50). 

Here, we describe ongoing efforts to prospectively predict the binding affinity of a new set 

of ligands with MhOR5. 155 small molecule ligands were provided by the Bill and Melinda Gates 

Foundation, comprising a set of small volatile odorants detected in patients infected with Malaria, 

Tuberculosis and Sars-CoV-2. These ligands spanned a diverse array of chemotypes, which we 

visually clustered into the following classes: alkanes/alkenes, aliphatic alcohols, aliphatic 
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carbonyls, esters and ethers, carboxylates, thioethers, cyclohexane derivatives, cyclohexene 

derivatives, phenyl derivates (combining the above benzoyl and phenol series into a single group), 

naphthalene-like systems, purine-like systems and camphene-like systems. Of these groups, we 

chose to focus on alcohols, esters, aliphatic carbonyls and phenyl derivatives for which sufficient 

retrospective validation data was available to perform RBFEP and assess the reliability of results. 

Beginning with either 7LID for phenyl derivatives or Dr. Devlaminck’s IFD-MD structures for the 

remaining series, we used Dr. Devlaminck’s optimized membrane generation and relaxation 

protocol (described further in Methods) to embed the ligand-bound, tetrameric MhOR5 channel in 

a membrane and solvate the entire system. From this initial structure, we subsequently performed 

RBFEP for the new prospective ligands, including the retrospective ligands in the calculation to 

calibrate the ΔG predictions and to serve as an internal control. 

5.1.4 Retrospective Protein FEP 

In addition to the above ligand FEP experiments, Dr. Devlaminck previously evaluated 

whether FEP+ could reproduce the effect of several binding site mutations on MhOR5 channel 

activity in response to DEET and eugenol exposure. Predicted binding affinities of mutant MhOR5 

channels with DEET were generally consistent with the observed activity measurements, however 

for eugenol there were several mutations, most notably involving residues M209 and I213, which 

produced severe and persistent outliers. Although the mutations generally reduced binding affinity 

(increased EC50), FEP+ typically predicted these mutations increased binding affinity (negative 

ΔΔG). Numerous strategies were attempted to optimize the simulation and improve the correlation 

with experiment, including adding positional restraints and using ligand FEP to interconvert 

between DEET and eugenol in the background of mutant receptors, however the outliers persisted. 
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Previously, Ioannidis et al. investigated the effect of membrane lipid composition on FEP+ 

affinity predictions for a series of small aminoadamanatane derivatives with the Influenza A M2 

proton channel. They found that the correlation coefficient between the experimental affinities and 

FEP+ predictions were highly dependent on the specific lipid used, degrading from 0.88 when 

using a DMPC membrane to 0.516 when a DPPC membrane was used instead131. We therefore 

reasoned that the use of a POPC membrane might not be ideal for this system and that other 

membrane lipids might improve the correlation of FEP predictions with experiment. To that end, 

we reran protein mutation FEP for mutations involving the residues M209 and I213 using all four 

membrane lipids compatible with FEP+: 1-palmitoyl-2-oleoyl-sn-glycero-3-phosphocholine 

(POPC), 1-palmitoyl-2-oleoyl-sn-glycero-3-phosphoethanolamine (POPE), 1,2-dipalmitoyl-sn-

glycero-3-phosphocholine (DPPC) and 1,2-dimyristoyl-sn-glycerl-3-phosphocholine, (DMPC). 

 

5.2 Results 

5.2.1 Ligand FEP 

We used FEP+ to estimate the binding free energies for 84 of 155 disease associated 

volatile odorants, focusing on those which were structurally similar to four congeneric series 

previously studied by Dr. Devlaminck: aliphatic alcohols, aliphatic carbonyls, esters and phenyl 

derivatives (Figure 5.1, Table 5.1 and Table 5.2). Because the chirality of several of these 84 

compounds was unspecified, we used all stereoisomers of each compound whose SMILES string 

representation was ambiguous, resulting in 90 compounds in total, 32 of which were associated 

with retrospective activity data while the remaining 58 constituted prospective affinity predictions. 

Consistent with Dr. Devlaminck’s previous studies, we used the compounds 1-octanol, 2-

heptanone, ethyl hexanoate and eugenol as reference compounds for the alcohols, carbonyls, esters 
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and phenyl derivatives respectively. For each series, ΔG estimates for retrospective and 

prospective ligands were obtained by fitting FEP+ ΔΔG estimates to the GCaMP dose-response 

activity log(EC50) measurements of retrospective compounds whose affinity with MhOR5 was 

measurable within the range of the assay, i.e. excluding top-of-the-assay compounds. The accuracy 

of ΔG calculations for top-of-the-assay compounds was evaluated using this regression and 

reported in Table 5.1. 
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Figure 5.1 Retrospective RBFEP estimation of ligand binding affinity to MhOR5 and 

benchmarking against experimental affinities. 

ΔG predicted by FEP+ versus the log(EC50) obtained from GCaMP dose-response activity 

measurements of MhOR5 for (A) alcohols, (B) phenyl derivatives, (C) esters and (D) carbonyls. 

Only compounds whose affinity with MhOR5 was measurable within the dynamic range of the 

assay were used to fit ΔG estimates from RBFEP ΔΔG calculations. See Table 5.1 for evaluation 

of top-of-the-assay compounds. 

 

 



116 

 

 
LIGAND FEP+ ΔG 

(KCAL/MOL) 

PRED. 

ERROR 

LOG(EC50) STRUCTURE 

BENZOYLS/PHENOLS Eugenol -5.91 0.17 -5.7 C=CCc1cc(OC)c(O)cc1 

REFERENCE: EUGENOL 

(7LID) 

acetophenone -5.06 0.17 -5.49 CC(=O)c1ccccc1 

 
methyl 

benzoate 

-7 0.16 -5.35 COC(=O)c1ccccc1 

 
benzaldehyde -4.62 0.16 -4.98 O=Cc1ccccc1 

 
o-cresol -3.72 0.17 -4.55 Cc1c(O)cccc1 

 
4-
methoxypheny

lacetone 

-5.14 0.16 -4.89 CC(=O)Cc1ccc(cc1)OC 

 
2-ethylphenol -4.26 0.19 -5.06 CCc1c(O)cccc1 

 
4-ethylphenol -5.44 0.16 -5.16 CCc1ccc(O)cc1 

      

ALCOHOLS 1-octanol -4.81 0.18 -4.99 OCCCCCCCC 

REFERENCE: 1-

OCTANOL (IFD-MD) 

1-hexanol -3.25 0.17 -4.38 OCCCCCC 

 
(R)-1-octen-3-
ol 

-4.84 0.17 -4.93 C=C[C@H](O)CCCCC 

 
1-pentanol -2.15 0.24 N/A CCCCCO 

 
trans-3-hexen-

1-ol 

-2.24 0.22 N/A OCC/C=C/CC 

 
(R)-3-octanol -4.41 0.17 -5.02 CC[C@@H](O)CCCCC 

 
(S)-3-octanol -4.96 0.18 -5.02 CC[C@H](O)CCCCC 

 
(R)-linalool -5.88 0.17 -4.57 CC(C)=CCC[C@@](C)(O)C=C 

 
(S)-linalool -5.33 0.18 -4.57 CC(C)=CCC[C@](C)(O)C=C 

      

CARBONYLS 2-heptanone -4.86 0.24 -4.96 CC(=O)CCCCC 

REFERENCE: 2-

HEPTANONE (IFD-MD) 

2-undecanone -6.24 0.29 N/A CC(=O)CCCCCCCCC 

 
decanal -6.56 0.32 N/A O=CCCCCCCCCC 

 
hexanal -4.43 0.24 -4.48 O=CCCCCC 

 
sulcatone -4.93 0.24 -4.77 CC(C)=CCCC(=O)C 

      

ESTERS ethyl 

hexanoate 

-5.56 0.15 -5.13 CCOC(=O)CCCCC 

REFERENCE: ETHYL 

HEXANOATE (IFD-MD) 

butyl acetate -5.17 0.15 -5.05 CC(=O)OCCCC 

 
ethyl acetate -2.16 0.15 N/A CC(=O)OCC 

 
ethyl butyrate -3.66 0.15 -4.15 CCOC(=O)CCC 

 
isobutyl 
acetate 

-4.12 0.15 -4.71 CC(=O)OCC(C)C 

 
isopropyl 

tiglate 

-4.81 0.17 -4.67 C\C=C(C)\C(=O)OC(C)C 

 
methyl 

hexanoate 

-5.66 0.15 -5.08 COC(=O)CCCCC 

 
propyl acetate -3.59 0.15 -4.2 CC(=O)OCCC 

 
prenyl acetate -4.94 0.15 -4.54 CC(C)=CCOC(=O)C 

 
methyl laurate -7 0.22 N/A COC(=O)CCCCCCCCCCC 
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Table 5.1 FEP+ ΔG predictions for retrospective ligand series 

ΔG predicted by FEP+ and the log(EC50) obtained from channel GCaMP activity measurements 

of MhOR5 for alcohols, phenyl derivatives, carbonyls and esters. Only compounds whose affinity 

with MhOR5 was measurable within the dynamic range of the assay were used to fit ΔG estimates 

from RBFEP ΔΔG calculations. log(EC50) for compounds lacking measurable affinities (i.e. top-

of-the-assay compounds) denoted as N/A.  

 

All series demonstrated reliable estimation of binding free energies for compounds with 

measurable affinities, achieving mean absolute errors of 0.6, 0.1, 0.6 and 0.4 kcal/mol for the 

phenyl, carbonyl, alcohol and ester series respectively (Figure 5.1, Table 5.1). The discrepancy 

between experimental log(EC50) and the ΔG predicted by FEP+ was within 1kcal/mol for nearly 

all compounds, though notable outliers include 1-hexanol and (R)-linalool from the alcohol series 

falling just outside 1kcal/mol error and methyl benzoate from the phenyl derivates with an error 

of 1.65 kcal/mol. 

Evaluation of top-of-the-assay compounds revealed that the predicted affinity of methyl 

laurate from the ester series and decanal and 2-undecanone from the carbonyl series deviated 

significantly from the experimental EC50 (Table 5.1). FEP+ predicts these compounds bind to 

MhOR5 with fairly high affinity (-6 to -7kcal/mol) despite undetectable MhOR5 activity in 

GCaMP experiments. Similar inaccuracies for these ligands had been previously observed by Dr. 

Devlaminck. Consistent with his findings, analysis of the trajectories associated with these small 

molecules revealed increased hydrophobic contacts for methyl laurate, decanal and 2-undecanone. 

Methyl laurate appeared to adopt a fairly stable pose, forming a hydrogen bond with Y91’s side-

chain hydroxyl group while its aliphatic tail appeared to embed itself within a hydrophobic crevice 

between two transmembrane helices and forming stable hydrophobic contacts with residues F92 

and L212 (Figure 5.2 A-B). Similarly, decanal and 2-undecanone formed stable hydrophobic 

contacts with residues F92 and L212 (Figure 5.3 C-D), and adjacent hydrophobic residues.  
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Figure 5.2 Representative poses of methyl laurate, decanal and 2-undecanone bound to 

MhOR5. 

(A) Hydrogen bond formed between methyl laurate and Y91 (B) Aliphatic tail of methyl laurate 

contacting F92 and L212. (C) Aliphatic tail of decanal contacting F92 and L212. (D) Aliphatic tail 

of 2-undecanone embedded between two helices below (orange and green helices) and F92 and 

L212 above.  

 

Prospective predictions for novel odorants were generally consistent with our 

understanding of the hydrophobic and broadly tuned nature of the MhOR5 binding pocket. 

Hydrophilic compounds like methanol and propanol were predicted to bind poorly to the MhOR5 

channel whereas bulkier and more hydrophobic compounds, like ethenylbenzene, were predicted 

to bind more tightly (Table 5.2). This prompted us to evaluate the correlation of the logP with the 

experimental affinity measurements where available, as well as ΔG predicted by FEP+ (Figure 
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5.3). The log(EC50) of retrospective compounds measurable within the dynamic range of the 

GCaMP assay yielded low correlation with their respective logP (R2 = 0.07) whereas the 

correlation of log(EC50) with the predicted ΔG for prospective compounds (R2 = 0.68) and both 

retrospective and prospective compounds aggregated together (R2 = 0.64) was substantially higher. 

This dramatic increase in correlation is likely driven by the increased range of predicted affinities 

relative to experimentally observed affinities, reflecting the expectation that high hydrophobicity 

is a necessary condition for binding MhOR5 but insufficient to distinguish compounds that bind 

with high affinity from similarly hydrophobic weak binders. The compounds with the greatest 

deviation between the ΔG predicted by FEP+ and the ΔG inferred from the logP regression were 

both enantiomers of 2-butyl-1-octanol (Figure 5.3 B-C). Dose-response measurements and 

structural analyses of compounds whose affinity predicted by FEP+ deviates significantly from a 

regression based on logP, like 2-butyl-1-octanol, may provide additional insights into the structural 

features of molecular recognition by MhOR5 beyond hydrophobicity. Experimental measurement 

of binding affinities to evaluate our prospective predictions will be performed by the Ruta group. 

 

 
CAS LIGAND FEP+ ΔG PRED. 

ERROR 

STRUCTURE 

PHENYL 

DERIVATES 

108-88-3 toluene -5.84 0.18 Cc1ccccc1 

REFERENCE: 

EUGENOL (7LID) 

100-41-4 ethylbenzene -7.27 0.22 CCc1ccccc1 

 
103-65-1 propylbenzene -8.66 0.2 CCCc1ccccc1 

 
100-42-5 styrene -6.52 0.18 C=Cc1ccccc1 

 
673-32-5 1-phenyl-1-propyne -7.86 0.21 CC#Cc1ccccc1 

 
95-47-6 o-xylene -6.34 0.22 Cc1c(C)cccc1 

 
611-15-4 2-methylstyrene -6.53 0.19 C=Cc1c(C)cccc1 

 
108-38-3 m-xylene -6.66 0.21 Cc1cc(C)ccc1 

 
106-42-3 p-xylene -7.6 0.23 Cc1ccc(C)cc1 

 
620-14-4 3-ethyltoluene -7.57 0.19 CCc1cc(C)ccc1 

 
535-77-3 m-cymene -8.16 0.18 CC(C)c1cc(C)ccc1 

 
64268-28-6 1-(2,2-Dimethylpropyl)-

4-ethenylbenzene 

-11.15 0.19 CC(C)(C)Cc(cc1)ccc1C=C 
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108-67-8 mesitylene -5.85 0.25 Cc1cc(C)cc(C)c1 

 
526-73-8 1,2,3-trimethylbenzene -6.9 0.22 Cc1c(C)cccc1C 

 
95-63-6 1,2,4-trimethylbenzene -8.41 0.27 Cc1c(C)ccc(C)c1 

 
27831-13-6 4-ethenyl-1,2-dimethyl-

benzene 

-7.66 0.2 C=Cc1cc(C)c(C)cc1 

 
25619-60-7 1,2,3,4-

tetramethylbenzene 

-8.09 0.2 Cc1c(C)c(C)ccc1C 

 
104-93-8 4-methylanisole -7.02 0.23 Cc1ccc(cc1)OC 

 
152477-96-

8 

2,5-

dimethylbenzaldehyde-

2,4-DNPH 

-7.42 0.29 O=Cc1c(C)ccc(C)c1 

 
73513-56-1 1,4-dichlorobenzene -10.07 0.18 Clc1ccc(Cl)cc1 

 
121-98-2 methyl p-anisate -6.78 0.18 COC(=O)c1ccc(cc1)OC 

 
93-60-7 methyl nicotinate -5.7 0.19 COC(=O)c1cccnc1 

 
80-46-6 4-tert-amylphenol -6.35 0.18 CCC(C)(C)c1ccc(O)cc1 

 
94-30-4 ethyl para-anisate -7.55 0.18 CCOC(=O)c1ccc(cc1)OC 

 
134-20-3 methyl 2-aminobenzoate -6.54 0.2 COC(=O)c1c(N)cccc1 

      

ALCOHOLS 67-56-1 methanol 3.58 0.26 CO 

REFERENCE: 1-

OCTANOL (IFD-

MD) 

71-23-8 1-propanol 1.53 0.27 CCCO 

 
75-84-3 2,2-Dimethyl 1-propanol -0.24 0.21 CC(C)(C)CO 

 
3913-02-8 (R)-2-butyl-1-octanol -3.74 0.24 CCCC[C@@H](CO)CCCCCC 

 
3913-02-8 (S)-2-butyl-1-octanol -3.45 0.32 CCCC[C@H](CO)CCCCCC 

 
629-06-1 1-chloroheptane -8.49 0.22 CCCCCCCCl 

 
104-76-7 (S)-2-ethyl-1-hexanol -5.02 0.22 CC[C@H](CO)CCCC 

 
104-76-7 (R)-2-ethyl-1-hexanol -5.09 0.21 CC[C@@H](CO)CCCC 

 
67-63-0 2-Propanol 1.41 0.28 CC(C)O 

 
584-02-01 3-Pentanol -1.28 0.22 CCC(O)CC 

      

CARBONYLS 75-07-0 Acetaldehyde 1.4 0.43 O=CC 

REFERENCE: 2-

HEPTANONE 

(IFD-MD) 

123-38-6 Propanal 1.2 0.31 O=CCC 

 
123-72-8 Butyraldehyde -0.99 0.26 O=CCCC 

 
66-25-1 hexanal -3.96 0.29 O=CCCCCC 

 
124-13-0 Octanal -5.78 0.25 O=CCCCCCCC 

 
124-19-6 nonanal -5.92 0.24 O=CCCCCCCCC 

 
78-93-3 2-Butanone 0.16 0.26 CC(=O)CC 

 
78-85-3 Methacrolein -0.94 0.25 C=C(C=O)C 

 
513-86-0 (S)-3-hydroxy-2-

butanone 

1.64 0.25 CC(=O)[C@H](C)O 

 
513-86-0 (R)-3-hydroxy-2-

butanone 

1.94 0.25 CC(=O)[C@@H](C)O 

 
96-17-3 (S)-2-methylbutanal -2.11 0.29 O=C[C@@H](C)CC 



121 

 

 
96-17-3 (R)-2-methylbutanal -2.17 0.3 O=C[C@H](C)CC 

 
87994-87-4 3-methylbutanal -2.16 0.25 O=CCC(C)C 

 
623-36-9 methylpent-2-enal -4.28 0.26 O=C/C(C)=C/CC 

 
123-42-2 4-Hydroxy-4-

methylpentan-2-one 

-0.27 0.31 CC(=O)CC(C)(C)O 

 
68937-52-0 Citral -6.5 0.3 O=C\C=C(C)\CCC=C(C)C 

 
111-71-7 Heptanal -4.55 0.29 O=CCCCCCC 

      

ESTERS/ETHERS 79-20-9 methyl acetate -0.54 0.19 CC(=O)OC 

REFERENCE: 

ETHYL 

HEXANOATE 

(IFD-MD) 

108-21-4 isopropyl acetate -3.41 0.18 CC(=O)OC(C)C 

 
80-62-6 methyl methacrylate -2.54 0.25 C=C(C)C(=O)OC 

 
188595-68-

8 

tert-butyl-methyl ether -0.95 0.19 CC(C)(C)OC 

 
4744-11-0 1,1-dipropoxypropane -1.27 0.17 CCCOC(CC)OCCC 

 
2639-63-6 hexyl butyrate -6.15 0.28 CCCC(=O)OCCCCCC 

Table 5.2 FEP+ ΔG predictions for prospective ligand series 

FEP+ predicted ΔG of binding to wildtype MhOR5 for alcohols, phenyl derivatives, carbonyls and 

esters. Only compounds whose affinity with MhOR5 was measurable within the dynamic range of 

the assay were used to fit ΔG estimates from RBFEP ΔΔG calculations. log(EC50) for compounds 

lacking measurable affinities (ie top-of-the-assay compounds) denoted as N/A. 

 

 

Figure 5.3 Comparison of compound logP and experimental/predicted binding affinity. 

(A) Experimental log(EC50) versus the logP of each retrospective compound within the alcohol, 

phenyl, carbonyl and ester series. (B) ΔG predicted by FEP+ versus the logP of each prospective 

compound within the alcohol, phenyl, carbonyl and ester series. (C) ΔG predicted by FEP+ versus 

the logP of both retrospective and prospective compounds from the alcohol, phenyl, carbonyl and 

ester series aggregated together. Red box in B and C corresponds to 2-butyl-1-octanol. 
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5.2.2 Protein FEP 

In contrast to the ligand FEP results, the protein FEP results were less reliably correlated 

with experimental measurements. I213M slightly weakens eugenol binding to MhOR5 and was 

successfully estimated by FEP+ with less than 1.0 kcal/mol error using all of four of the available 

lipids. In contrast, the effect of the M209L mutation which weakens eugenol binding affinity 

slightly more than I213M, was only predicted within 1.0 kcal/mol error using POPC. In contrast, 

the remaining lipids yielded predictions with negative ΔΔGs (Figure 5.4). Finally, M209V yielded 

the largest decrease in binding affinity that was still measurable within the dynamic range of the 

assay and was poorly predicted in all lipid contexts; ΔΔGs of roughly -2 kcal/mol were predicted 

for all lipids despite the experimentally observed positive Δlog(EC50). Meanwhile, both top of the 

assay mutations (M209A and I213A) were predicted to stabilize eugenol binding to MhOR5 with 

predicted ΔΔGs between -1 and -4 kcal/mol despite abrogating channel activity entirely. 

Analysis of the trajectories did not reveal clear reasons that might underlie the persistent 

prediction inaccuracies. Convergence was generally considered “Good” and REST sampling 

between different lambda windows was considered “Fair” by Maestro’s automated trajectory 

analysis tools in all membrane systems and mutations. The apo- binding sites of the wildtype and 

each of the mutants were generally free of water throughout the trajectories, with one or two water 

molecules transiently entering the binding pocket before exiting a few frames later. Trajectories 

associated with M209A apo-structures in POPC and DPPC membranes, as well as I213A apo-

structures in POPC and DMPC, did display more persistent binding site occupation with water 

molecules with at least 5 water molecules occupying the binding site for several consecutive 

frames. However, the persistence of the prediction inaccuracy relative to experiment, including in 
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trajectories where the binding pocket did not flood, suggests that there may be additional sources 

of error influencing the prediction. 

 

 

 

Figure 5.4 Effect of membrane lipid composition on the ability of FEP+ to predict the effect 

of MhOR5 mutation on eugenol binding. 

ΔΔG predicted by FEP+ vs the Δlog(EC50) obtained from channel GCaMP activity measurements 

of mutant MhOR5 in response to eugenol exposure using each of the four lipid membranes 

supported by FEP+, POPC (blue), POPE (orange), DMPC 81 and DPPC (yellow). Activity was 

unmeasurable for M209A and I213A and placed at -2kcal/mol as top of the assay (I213A slightly 

offset to the right relative to M209A for clarity). 
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Speculation on the source of prediction errors 

Over the course of the 25ns trajectories, the distribution of contacts made between eugenol 

and the wildtype MhOR5 versus the I213A mutant were generally fairly similar in all four 

membrane systems (Figure 5.5, row 4). Hydrophobic contacts between eugenol and I213 in the 

wildtype were almost entirely replaced by hydrophobic contacts between eugenol and the mutant 

I213A residue. The notable exception to this consistency was an increase in hydrogen bonds 

between eugenol and S151 from roughly 0-25% of the wildtype trajectory to 50-75% of the I213A 

mutant trajectories (Figure 5.5, row 4). Interestingly, a similar increase in hydrogen bonding 

between eugenol and the backbone carbonyl of S151 occurred in the I213M simulation in the 

POPC membrane which was the predicted to be the most stabilizing of the four simulations (Figure 

5.4). Visualization of the hydrogen bond revealed that it was made between eugenol’s terminal 

hydroxyl group and the backbone carbonyl oxygen of S151, an interaction which appeared to 

induce a slight distortion in the helix as the backbone carbonyl of S151 oriented towards eugenol’s 

hydroxyl group (Figure 5.6). It is possible that this is an artifact of OPLS forcefield and use of an 

alternative forcefield such as Amber of CHARMM might alleviate these distortions, however these 

forcefields are not currently available within FEP+.  
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Figure 5.5 Distribution of WT (left) vs mutant (right) MhOR5 contacts with eugenol for 

M209 and I213 Mutants.  

Horizontal bars indicate the fraction of frames in which each residue contacts the ligands and the 

type of interaction formed. Purple bars indicate hydrophobic contacts, green bars indicate 

hydrogen bonds and blue bars indicate water bridges. 
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Figure 5.6 Representative pose of eugenol hydrogen bonding to S151 backbone carbonyl in 

I213A mutant MhOR5.  

I213A mutation increases the frequency of eugenol hydrogen bonding to S151’s backbone 

carbonyl, possibly contributing to the erroneous negative ΔΔG predicted by FEP+. 

 

In contrast, the most substantial change observed for the M209 mutations involved 

hydrophobic contacts with residue Y383 (Figure 5.5, rows 1-3), which appeared to monotonically 

decrease as the size of the substituted amino acid decreased; Y383 formed hydrophobic contacts 

with eugenol most often in M209L simulations (Figure 5.5, row 3), and least often in M209A 

simulations (Figure 5.5, row 1), and contacted eugenol and with intermediate frequency in the 

M209V mutant simulations (Figure 5.5, row 2).  

Additionally, although the RMSD of the ligand was fairly constant over various wildtype 

simulations (eugenol RMSD≈2.2A), we noted that the ligand RMSDs associated with M209A 
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trajectories were substantially greater than those from M209L simulations. We compared 

eugenol’s RMSD in each mutant simulation against the error in the FEP+ ΔΔG prediction and 

found that greater RMSDs were associated with greater errors for M209 mutants (Figure 5.7A, B). 

Visualization of the trajectories suggest that the ligand is much less constrained in the M209 

mutants compared to the wildtype. In particular, eugenol adopts a fairly stable pose forming pi-pi 

interactions with aromatic residues like Y380, Y383 and W158 which line the binding pocket 

(Figure 5.7 C). However, in trajectories associated with M209A, eugenol appeared to drift away 

from the center of the binding site, consequently breaking the pi-pi interactions with Y380, Y383 

and W158, and moved towards a crevice lined by the residues Y69 and F92 (Figure 5.7 D). It is 

possible that the presence of wildtype M209 creates a steric barrier that presents eugenol from 

accessing this crevice whereas the mutant M209A leaves open a pathway out of the binding site, 

allowing eugenol to embed its hydrophobic tail near residues Y69 and F92. These new 

hydrophobic contacts with Y69 and F92 that are accessible to eugenol in the M209A mutants could 

be enthalpically favorable and driving the negative ΔΔG prediction. Moreover, it may be that 

eugenol’s greater mobility within the M209A binding pocket is entropically favorable relative to 

the wildtype and M209L mutations where the ligand is more sterically constrained, further 

contributing to the negative ΔΔG prediction.  

Alternatively, because the dose-response experiments measure the activity of the channel 

rather than directly measuring binding, it is possible that eugenol is able to bind the mutant MhOR5 

without activating the channel. Del Marmol et al. noted that both the background fluorescence 

signal was substantially increased in I213A and M209A relative to the wildtype, which they noted 

implied stabilization of the closed channel state (see Figure S9e and related discussion in 

“Architecture of the odorant binding site” section of the main text of del Marmol et al. 2021)213. 
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Additionally, the dynamic range of the assay appeared dramatically compressed in I213A and 

M209A (see Figure S9b,c of del Marmol et al. 2021)213. If sustained interaction with Y383 is 

required for channel opening, the decrease in eugenol contacting Y383 could result in increased 

binding site occupation, ie negative ΔΔG, with a concomitant decrease in channel activity as 

observed in the GCaMP experiments.  

 

Figure 5.7 RMSD and trajectory analysis of MhOR5 M209 mutants.  

(A) RMSD of eugenol molecule relative to initial pose versus the error in the FEP+ prediction 

relative to the observed log(EC50) (defined as ΔΔG – Δlog(EC50)). Individual datapoints 

correspond to individual trajectories with different membrane lipids, with POPC in blue, POPE in 

orange, DMPC in gray and DPPC in yellow. Clusters of datapoints corresponding to individual 

mutants labeled by mutation. Eugenol mutations corresponding to M209 mutations are negatively 

correlated with prediction error whereas RMSD and prediction error are uncorrelated for I213 

mutations. (B) Raw RMSD and prediction error data used to create the scatter plot in (A). (C) 

Representative eugenol pose in wildtype MhOR5 where the molecule is contained to the binding 

site lined by Y380, Y383 and W158. (D) Representative eugenol pose in M209A mutant MhOR5 

simulation shows eugenol drifting away from the center of the binding pocket, losing pi-pi 

interactions with Y380, Y383 and W158, and instead embedding its hydrophobic tail outside the 

binding pocket and forming hydrophobic contacts with Y69 and F92. 
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5.3 Discussion 

We have presented replicate retrospective evaluations of FEP+’s ability to predict the 

binding affinities of a panel of small odorants with wildtype MhOR5. We have also reported 

prospective binding affinity predictions of previously untested volatile odorants with MhOR5. 

These results indicate the FEP+ is accurately able to predict the effect of small perturbations in 

chemical structure on the binding of small molecules to MhOR5. Prospective predictions are 

generally consistent with expectations that small hydrophilic are unlikely to bind the MhOR5 while 

bulkier hydrophobic are generally predicted to bind with high affinity. Notably, FEP+ predictions 

fail for compounds with long aliphatic tails (ie ≥ 10 carbons) like methyl laurate, decanal and 2-

undecanone.  The accuracy of these prospective predictions will be experimentally evaluated by 

the Ruta group in the near future using similar GCaMP dose-response activity experiments. 

In contrast, FEP+ is still unable to predict the effect of mutating residues M209 and I213 

on eugenol binding affinity with MhOR5. The use of alternative lipids did not appreciably improve 

the reliability of the prediction. The source of the error remains unclear, however it is possible that 

the mutant adopts a structurally distinct conformation relative to the wildtype which are 

insufficiently sampled during the simulation. Obtaining additional experimental structures of the 

M209 and I213 mutant MhOR5, both as apo-structures and in complex with eugenol, could enable 

determination of whether a major conformational change occurs and provide additional structural 

insights into ligand binding to these mutant channels which may not be efficiently sampled by 

FEP. Moreover, higher resolution structures which identify bound lipids could enable more 

rigorous preparation of the membrane and possibly improve the reliability of FEP predictions. We 

have discussed obtaining these additional structures with the Ruta group and efforts to obtain them 

are ongoing. 
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5.4 Materials and Methods  

Initial Protein Preparation 

The 7LID crystal structure containing MhOR5 in complex with the small molecule eugenol 

was downloaded directly from the PDB and prepared using Maestro’s Protein Preparation 

workflow. Preprocessing steps were modified to cap termini and to fill in missing side chains using 

Schrodinger’s Prime software, with otherwise default settings. For the reference small molecules 

1-octanol, 2-heptanone and ethyl hexanoate, we used the same top-ranked IFD-MD pose used by 

Dr. Devlaminck for each molecule. Both the prepared 7LID and IFD-MD poses were further 

prepared using the membrane generation and relaxation protocol described below. 

 

Ligand Preparation 

Ligand names and Chemical Abstracts Service (CAS) ID numbers for volatile odorants 

associated with Malaria, Tuberculosis and COVID-19 infection obtained in previous association 

studies were provided by the Bill and Melinda Gates Foundation. SMILES strings for most small 

molecules were obtained using the CIRPY python package which programmatically interconverts 

between registry IDs and molecular descriptors; SMILES strings for compounds which could not 

be converted with CIRPY were manually recovered from the Pubchem Chemical Database100, 101. 

All ligands were subsequently prepared using Maestro’s Ligprep, generating all combinations of 

chiral centers where stereochemistry was unspecified in the SMILES string but otherwise default 

settings. LogP values for each compound obtained manually from Pubchem. 
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Membrane Generation and Relaxation 

Each initial structure (prepared 7LID for eugenol or top-ranked IFD-MD pose for other 

reference ligands) was imported into Maestro. For IFD-MD structures, the protein chains and IFD-

MD ligand were then merged into a single object, excluding the waters and lipids generated by 

IFD-MD and producing a tetrameric protein system with chain A containing the reference ligand 

and chains B, C and D containing the original eugenol molecules from 7LID. The resulting 

structure was then prepared using the Desmond System Builder tool with TIP4PEW water 

molecules occupying a 10Ax10Ax10A orthorhombic padding box and 0.15M NaCl added to the 

system. A POPC membrane was built using the “Place on Prealigned Structure” option for all 

ligand FEP simulations whereas the lipid was varied to assess the impact of all lipid systems 

(POPC, POPE, DMPC, DPPC) for protein FEP simulations. The default Desmond membrane 

generation protocol typically positions one or two lipid molecules within the central pore of the 

channel. To remove these inappropriately placed lipids, we verified the numerical ID of each lipid 

in the channel and deleted atoms corresponding to these lipids using python scripts and 

Schrodinger’s Python API. 

We subsequently relaxed the resulting membrane system using the membrane relaxation 

protocol optimized by Dr. Pierre Devlaminck, which is the default Desmond protocol with the 

following modifications. 5.0 kcal/mol/Å2 harmonic restraints were added to helix α-carbons and 

ligand heavy atoms for all simulation stages. Simulation time for stage 4, corresponding to a 100K 

membrane equilibration step with restrained membrane z-axis motion, was increased from 100ps 

to 10ns. The simulation time of stage 6 corresponding to an NVT production simulation at 300K 

was increased from 50ps to 25ns and finally, the final 300K NP𝛄T simulation of stage 8 was 

lengthened to 100ns. 
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Ligand RBFEP 

The resulting relaxed membrane system was subsequently converted to a pose viewer object 

compatible with FEP+ using the command: 

  $SCHRODINGER/run membrane_cms2fep.py <relaxed-membrane-system.cms> -

ligand "chain.name Z" 

for each of the docked ligands. For eugenol, the above command was modified to: 

  $SCHRODINGER/run membrane_cms2fep.py <relaxed-membrane-system.cms> -

ligand "chain.name A AND residue.num 900" 

 

We subsequently loaded this pose viewer object into Maestro, prepared the additional 

ligands of each series using Ligprep (see above) and flexibly aligned the small molecules to the 

reference ligand using Maestro’s Ligand Alignment tool. Where possible, ligands were aligned by 

aligning the maximum common substructure, however if the resulting alignment was inadequate, 

such as by positioning key groups (ie hydroxyl or carbonyls) in the incorrect position, ligands were 

aligned using SMARTS strings enclosing the key functional group. In the case of 1-chloroheptane, 

the reference ligand 1-octanol was copied and manually mutated by converting the hydroxyl 

oxygen to a chlorine atom and removing the terminal methyl group. The resulting structure was 

then exported to a _pv.maegz file which is compatible with FEP+. We performed 20ns of FEP 

simulations for each system using µVT ensemble and 20 lambda windows on 4 GPUs, each using 

scripts containing modified versions of the following command: 

 

"${SCHRODINGER}/fep_plus" -HOST localhost -SUBHOST <gpu-host> -ppj 4 -ffbuilder 

-ff-host <gpu-host> -time 20000.0 -ensemble muVT -seed 2007 \ 

    -membrane -water TIP4PEW -lambda_windows 20 -JOBNAME <job-name> \ 

    <system_pv.maegz> 
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Protein RBFEP 

The relaxed membrane system produced in the above “Membrane Generation and Relaxation” for 

each membrane lipid was subsequently converted to a pose viewer object compatible with FEP+ 

using the command: 

  $SCHRODINGER/run membrane_cms2fep.py <relaxed-membrane-system.cms> 

We then ran 25ns protein RBFEP simulations using scripts containing the following command: 

$SCHRODINGER/fep_plus -HOST localhost -SUBHOST gpu-a4500 -ppj 4 \ 

    -time 25000  -membrane -water TIP4PEW -ensemble NVT \ 

    -protein mutations.txt -solvent_asl "(NOT (chain.name A AND res.ptype 

EOL))" \ 

    -JOBNAME <job-name> <system_pv.mae> 

where the mutations.txt file contains the mutations described above. 
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Chapter 6: Conclusions and Future Directions 

 

6.1 Significance of research 

In this thesis, we have described the development and use of methods to study protein-

compound interactions at several scales. In chapters 2 and 3, we described efforts to expand the 

range of compounds which can be considered by PrePCI, our structure-based, proteome-scale PCI 

prediction method, by integrating chemoinformatic chemical similarity scores with rapid protein 

structural and sequence-based comparisons. These expansions have increased our coverage of 

chemical space by over two orders of magnitude while benchmarking results indicate performance 

is comparable to other similar methods. Such predictions can form the basis of expanded 

interactomes for systems biology studies, evaluating the impact of altered metabolite states or drug 

perturbation on biological networks. 

Secondly, our preliminary work evaluating the structural specificity of druggable protein-

protein interaction pockets provides a worst case estimate for the prospects of designing selective 

PPI inhibitors. While druggable PPI pockets in tyrosine kinase, ras kinase and trypsin domains 

were associated with fewer predicted off-targets relative to comparable pockets in active sites, the 

same was not observed in SET domains, nuclear hormone receptor ligand binding domains, or 

kinases generally. These results suggest that the success of developing successfully highly specific 

PPI inhibitors may be family dependent. Nevertheless, the presence of sampling bias, holostructure 

bias and methodological bias described in chapter 4 leave room for further work to clarify these 

results. We describe possible approaches to mitigate these sources of bias in the following section. 
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Finally, our calculations of MhOR5 affinity with a range of retrospective compounds 

shows that FEP+ can reliably predict the relative affinities of compounds which bind to MhOR5 

while our prospective predictions for new compounds provide testable hypotheses of compounds 

which MhOR5 can likely recognize. In contrast, our experiment with lipid membrane composition 

did not resolve the FEP prediction inaccuracies relative to the experimental affinity measurements. 

Further experimental and computational work is required to optimize the system and ensure 

reliable estimation of mutant MhOR5 affinities with eugenol. 

 

6.2 Future Directions 

6.2.1 Future Directions for PrePCI 

Earlier in this thesis, we demonstrated that the current PrePCI pipeline performs 

comparably to existing methods while covering increasing portions of chemical space and 

retaining proteome-scale. However, there are still numerous ways that the PrePCI algorithm could 

be improved or modifications that could be made. Here we list several possible modifications 

which could be attempted to further improve PrePCI. 

6.2.1.1 Improvements of PrePCI pipeline 

Recent developments in deep learning have led to rapid structure alignment tools which 

can dramatically accelerate the search for structurally similar template proteins. While we have 

traditionally used ska97 to perform pairwise structure alignments, replacing ska with newly 

developed machine-learning methods like FoldSeek220 could enable more rapid searching of 

protein space. The use of Foldseek could potentially help identify additional similarity 

relationships between template and query proteins as well as facilitate the use of more query 
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structures in our model database, thereby allowing us to sample protein space more fully and 

identify protein conformations which may be more conducive to ligand binding. 

Additionally, the sequence score was based entirely on the global sequence alignment of 

the template protein to the human proteome. Instead, the approach used by Homolobind221, in 

which the sequence similarity of residues aligned to contact residues in the PDB template could 

be used to score the similarity of the putative interface specifically, rather than the protein sequence 

as a whole.  

Another potential modification could be to replace the LT-scanner scoring function. For 

example, a rapid pose-scoring method like RF-score63, 64, could enable PrePCI to attempt to predict 

affinities rather than binary classifications. It is likely that any pose-scoring method used would 

need to be retrained specifically on LT-scanner interaction models to account for the crudeness of 

unoptimized structural alignments. 

For the chemical similarity component, there are various ways to potentially improve the 

similarity calculations. One approach would be to simply replace the Tanimoto Coefficient with 

the Tversky Index, using the PDB compound as the reference compound. Such an approach could 

in principle improve the specificity of predictions by prioritizing the reference ligand’s fragments 

rather than treating the two compounds identically. Alternatively, it may be possible to develop 

fingerprints based on the chemical fragments which form intermolecular interactions with the 

protein. Chemical similarity calculations, either the Tanimoto Coefficient or Tversky index, could 

then be computed specifically based on the fragments which contact the protein to assess the 

degree to which the query ligand is capable of recapitulating the contacts made by the reference 

ligand. 



137 

 

Finally, as I discussed in Chapter 3, the structural superpositions generated by LT-scanner 

are generally fairly crude and can lead to clashes between the ligand and the protein. Use of PrePCI 

predictions in systems biology applications would likely benefit by reducing the prevalence of 

false positives, thereby improving the specificity of the predictions and derived networks. 

Therefore, it may be useful to perform refinements of predicted PCI models for select PCIs of 

interest. For example, automated restrained minimization or Monte-Carlo sampling of the protein 

configuration in the presence of the ligand may enable a more realistic assessment of whether the 

ligand binding site can accommodate the small molecule. While this would likely be infeasible on 

the scale of PrePCI, it may be possible for the 400 compounds in the MIDAS metabolite reference 

set26 or even in the more expansive Human Metabolome Database222 which contains closer to 3000 

metabolites. Such analysis could further improve our confidence PrePCI’s predictions and 

potentially enable a more thorough integration of PrePCI predictions with systems biology 

applications. 

6.2.1.2 Application of PrePCI interactomes 

In addition to possible improvements, there are several possible applications of PrePCI in 

the analysis of, and hypothesis generation for, biological systems. One intriguing possibility is the 

application of PrePCI to detect allostery by examining the correlation of LT-scanner scores among 

pairs of ligands. Because LT-scanner provides a distinct score for each model it evaluates, it 

directly links the specific structural model to the binding prediction. Use of multiple different 

models would generate an array of scores for each ligand predicted to bind the protein domain 

which, if there are sufficiently large fluctuations between models, could include fairly large 

changes in the associated LT-scanner score. By simultaneously examining the LT-scanner scores 

of pairs of ligands which bind at distinct sites, it may be possible to identify pairs of ligands which 
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exhibit positive correlation, where binding of one implies binding to the other, or conversely, 

inverse correlation, where binding of one is negatively associated with the other. It is possible that 

significant correlations could be identified by inferring whether expected distributions, such as 

uniform, positive correlation or negative correlation (see Figure 6.1), are consistent with the 

observed datapoints using goodness-of-fit tests. Alternatively, it is possible that the distributions 

corresponding to positive, negative and non-allosteric modulators could be learned using machine 

learning. 

 

Figure 6.1 Possible Application of PrePCI to identify allosteric relationships between 

ligands for a given protein.  

LT-scanner provides a unique score associating each protein model to a small molecule. By 

examining the correlation LT-scanner scores for different small molecules with the same protein 

model it may be possible to identify compounds which bind (A) cooperatively (B) competitively 

or (C) independently of one another. 

 

Additionally, I presented several hundred predictions of small molecules predicted to bind 

probable master regulator binding proteins within the PPI interface, specifically focusing on cases 

with low sequence similarity to a template. These predictions could easily be expanded 

systematically to include more of the protein-protein interactome and cases of biological or 

medicinal interest could be more rigorously evaluated using the methods described in chapter 3. 
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6.2.2 Alternative approaches to analyzing druggable pockets in PPI interfaces 

In the discussion in Chapter 4, I described several potential sources of bias within the 

datasets used to evaluate the family-level similarity of druggable PPI pockets compared to typical 

ligandable binding sites. Below are several recommendations for strategies to mitigate these biases 

and interrogate the selectivity of druggable PPI pockets more extensively. 

Sampling bias 

The uneven representation of different proteins within the PDB likely results in insufficient 

sampling of the structural space available to each pocket in some proteins relative to their more 

popular homologs. Proteins which are underrepresented in the PDB could be supplemented using 

homology models to more comprehensively sample the structural space of each PPI pocket. 

Comprehensive generation of models where each PDB file in the scPDB/PPIome dataset is used 

as a template for every other protein in the family could enable a more complete sampling of the 

conformational space for each protein and in turn provide a more robust sense of how often pockets 

are shared among proteins within a family. 

Holostructure bias 

Furthermore, I noted that comparisons between PPIome pockets and scPDB pockets were 

complicated by the presence of ligands in the scPDB holo-structures. The presence of ligands in a 

protein structure can lead to the formation of specific intermolecular bonds which constrain the 

geometry of the protein structure relative to the apo-structure. Accordingly, it is possible that the 

pockets within scPDB structures were, at least in part, more similar to one another because they 

were predominantly present in the holo-state, rather than the apo-state as PPIome proteins were. It 

would be interesting to repeat the analysis, replacing scPDB structures with apo-structures of the 
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same proteins, to see if the absence of ligands results in pockets with greater inter-protein 

variability and places the scPDB protein pocket similarity, and the associated number of off-target 

proteins, more on par with the PPIome. 

Methodological bias 

Finally, in the analysis described above, pockets for individual proteins were clustered 

based on their structural similarity. Off-target proteins for a given protein cluster were identified 

on the basis of the protein’s most similar pocket relative to the cluster. This approach was chosen 

on the expectation that, if a pocket within the cluster were targeted by a drug, then the second 

protein’s most similar pocket would be the most likely off-target of the drug. Such an approach 

suggests an upper bound on the plausibility of identifying selective inhibitors, as it identifies 

whether other proteins within the family share a similar pocket. However, it may not be optimal 

for determining whether the potential for selective inhibitors exists, as each protein could sample 

additional low-energy conformations yielding structurally distinct pockets which could be 

pharmacologically targeted. Accordingly, an alternative approach to address this concern of 

identifying unique pockets could be as follows. 1) Rotate all template PDB files to a single 

coordinate frame using ska. 2) Generate homology models for each member of a family using each 

of the PDB structures as templates for each protein in the family, thereby equally sampling 

structure space for all proteins. 3) Identify pockets using Volsite (or other methods cited in chapter 

4). 4) Group the pockets for each individual protein by spatial clustering of pocket geometric 

centers. 5) Create correspondences between the pockets of each protein based on spatial proximity. 

This ensures that subsequent pocket comparisons are only made between analogous pockets and 

that low pocket similarity indicates large local structural fluctuations, rather than simply 

comparing two unrelated pockets. 6) For pockets associated with each unique site, identify whether 
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highly dissimilar pockets between proteins exist, either by evaluating the Tversky index of the 

least similar pocket, or more modestly the similarity of the 25th percentile as suggested by Guo 

and Chen166 to mitigate the impact of spurious outlier pockets. Such an approach may more 

efficiently identify structurally distinct pockets which could be uniquely targeted to disrupt 

specific protein PPI interfaces. 

 

6.2.3 Additional analyses of MhOR5 

Additional MhOR5 dose-response activity measurements for the prospective ligands 

studied in chapter 5 will be performed by the Ruta group to assess the accuracy of our prospective 

FEP predictions. 

The choice of membrane lipid composition was unable to resolve the discrepancies 

between experimentally observed affinity measurements and binding free energies predicted by 

FEP+. Moving forward, we could try generating more realistic membranes, for example by 

including cholesterol molecules or by adding mixed and asymmetric membrane lipid distributions. 

Such approaches are possible using CHARMM-GUI223, but the resulting structures are 

incompatible with Desmond, FEP+ and the Schrodinger Suite of tools and would prompt the use 

of alternative free energy calculation engines. Alternatively, we had previously noticed that the 

helices constituting the walls of the binding pocket appeared more stable using AMBER forcefield 

parameters. While it is not currently possible to use AMBER forcefield parameters within FEP+, 

we are discussing how these parameters might be imported into FEP+ and enable free energy 

calculations with additional forcefields which may be better suited to the MhOR5 system. Finally, 

it is possible that the mutation of residues M209 and I213 dramatically affect the MhOR5’s 

structure in a manner which is not captured in the simulations. Experimental determination of these 



142 

 

mutant structures could help explain the persistent discrepancies between the simulation and the 

experimental results. 
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Appendix: Code Locations and Information 

This table contains the location of code/resources associated with PrePCI and scPDB/PPIome 

pocket analysis located on the C2B2 cluster and a brief description of contents. 

Resource Location Description 

PrePCI Code /ifs/home/c2b2/bh_lab/shares/cvsroot/hfpd

/prepci 

Central location of PrePCI code. Accessible using the 

Concurrent Versions System (CVS) with command “cvs 

checkout hfpd” rather than accessing directly.  

PrePCI Utilities /ifs/data/c2b2/bh_lab/shares/prepci/utilities 
General directory containing utilities associated with 

Protein Science 2023 Paper 

Chemical Similarity 

Files 
/ifs/data/c2b2/bh_lab/shares/prepci/utilities

/chemical_comparison/pubchem 

Directory containing chemical similarity comparison files, 

each file corresponds to an individual PDB compound and 

lists all similar Pubchem compounds and associated 

Tanimoto Coefficients 

Bioactivity Data /ifs/data/c2b2/bh_lab/shares/prepci/utilities

/experimental_results/protein_science_202

3/pubchem_pcis 

Directory containing high-throughput experimental 

bioactivity data from Pubchem Described in Chapter 2. 

Each file corresponds to an individual protein and contains 

all identified PCIs 

Holo-structure list /ifs/data/c2b2/bh_lab/shares/prepci/utilities

/holostructure_templates 

List of holo-structures used as templates in Protein Science 

2023 PrePCI paper 

Skads Databases /ifs/data/c2b2/bh_lab/shares/prepci/utilities

/holostructure_templates/skads 

Directory containing the skads databases used in 2023 

Protein Science PrePCI paper 

Benchmarking 

Results 
/ifs/data/c2b2/bh_lab/shares/prepci/utilities

/protein_science_2023_benchmarking/ben

chmarking.tar.gz 

Zip file containing benchmarking results on Yamanishi, 

DUDE and DEKOIS datasets. 

Website Databases /ifs/data/c2b2/bh_lab/shares/prepci/utilities

/website/Databases/databases 

Contains flat files underlying mysql table used for PrePCI 

website 

Website HTML 

Directory 
/ifs/home/www/vhosts/honiglab.c2b2.colu

mbia.edu/html 

Directory containing main HTML for PrePCI website 

(prepci.html, prepci-help.html) 

PrePCI LT-

scanner/Sequence 

PCI Result Page  

/ifs/home/www/vhosts/honiglab.c2b2.colu

mbia.edu/html/WEB_DB/cgi-

bin/prepci_v2_pci_result.cgi 

CGI perl script which recalls and displays LT-

scanner/Sequence results 

PrePCI Similar 

Compounds Result 

Page 

/ifs/home/www/vhosts/honiglab.c2b2.colu

mbia.edu/html/WEB_DB/cgi-

bin/prepci_v2_simcompd_result.cgi 

CGI perl script which identifies compounds similar to a 

PDB compound of interest and generates html to display 

them 

PCIs predicted to 

bind at master 

regulator PPI 

interface 

/ifs/scratch/c2b2/bh_lab/shares/steve/ppi_

pci_overlapping_interfaces/ltscanner_prep

pi_interfaces/scripts/moma 

Directory containing the scripts and results of PCIs 

predicted to bind at master regulators PPI interfaces 
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Pocket Analysis 

Directory 
/ifs/scratch/c2b2/bh_lab/shares/steve/ppi_

pci_overlapping_interfaces/ichem/redo_fro

m_scratch 

Directory containing the code, utilities and results 

associated with scPDB and PPIome pocket analysis 

Software directory /ifs/scratch/c2b2/bh_lab/shares/steve/soft

ware 

Directory containing miscellaneous third-party software 

used in scPDB and PPIome pocket analysis (ie chimera, 

openeye, shaper, ichem (Volsite) 

 

This table contains the location of code/resources associated with the MhOR5 project located on 

the gates cluster and a brief description of contents. Each directory contains README and 

NOTES files describing the directory’s contents and procedures used to generate results. 

Resource Location Description 

Prospective 

Ligand FEP 
/mnt/beegfs/home/honig/sjt2151/MhOR5/pros

pective_fep 

Directory containing scripts and results used in prospective 

ligand FEP. Results used in thesis primarily in 

“membrane_preparation_pierre_ifd-md” subdirectory. 

Additionally, “scripts” subdirectory contains commonly 

used scripts 

Prospective 

Ligand Membrane 

Generation and 

Relaxation 

/mnt/beegfs/home/honig/sjt2151/MhOR5/pros

pective_fep/membrane_preparation_pierre_ifd

-md 

Contains intermediate files associated with generating the 

optimized POPC membrane for each of the initial IFD-MD 

starting poses (subdirectories labeled by reference ligand) 

Prospective 

Ligand Membrane 

Generation and 

Relaxation 

/mnt/beegfs/home/honig/sjt2151/MhOR5/pros

pective_fep/membrane_preparation_pierre_ifd

-md/fep 

Contains intermediate files associated with running 

prospective and retrospective RBFEP for each of the 

congeneric series (subdirectories labeled by series name 

and reference ligand) 

Protein Mutation 

FEP 
/mnt/beegfs/home/honig/sjt2151/MhOR5/prot

ein_fep 

Directory containing scripts and results used in protein FEP 

analysis. Contains two main subdirectories, “scripts” 

containing commonly used scripts, and 

“different_membranes” containing the results of protein 

FEP using all four membrane lipids compatible with FEP+ 
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