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COMPUTATIONAL METHODS TO IDENTIFY AND TARGET DRUGGABLE BINDING 

SITES AT PROTEIN-PROTEIN INTERACTIONS IN THE HUMAN PROTEOME 

Protein-protein interactions are fundamental in cell signaling and cancer progression. An 

increasing prevalent idea in cancer therapy is the development of small molecules to disrupt 

protein-protein interactions. Small molecules impart their action by binding to pockets on the 

protein surface of their physiological target. At protein-protein interactions, these pockets are often 

too large and tight to be disrupted by conventional design techniques. Residues that contribute a 

disproportionate amount of energy at these interfaces are known as hot spots. The successful 

disruption of protein-protein interactions with small molecules is attributed to the ability of small 

molecules to mimic and engage these hot spots. 

Here, the role of hot spots is explored in existing inhibitors and compared with the native 

protein ligand to explore how hot spot residues can be leveraged in protein-protein interactions. 

Few studies have explored the use of interface residues for the identification of hit compounds from 

structure-based virtual screening. The tight uPARÅuPA interaction offers a platform to test methods 

that leverage hot spots on both the protein receptor and ligand. A method is described that enriches 

for small molecules that both engage hot spots on the protein receptor uPAR and mimic hot spots 

on its protein ligand uPA. In addition, differences in chemical diversity in mimicking ligand hot 

spots is explored. 

In addition to uPARÅuPA, there are additional opportunities at unperturbed protein-protein 

interactions implicated in cancer. Projects such as TCGA, which systematically catalog the 

hallmarks of cancer across multiple platforms, provide opportunities to identify novel protein-

protein interactions that are paramount to cancer progression. To that end, a census of cancer-

specific binding sites in the human proteome are identified to provide opportunities for drug 

discovery at the system level. Finally, tumor genomic, protein-protein interaction, and protein 

structural data is integrated to create chemogenomic libraries for phenotypic screening to uncover 

novel GBM targets and generate starting points for the development of GBM therapeutic agents. 
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Chapter 1 

INTRODUCTION  

 

1.1 BACKGROUND 

1.1.1 Cancer Genomics. Hallmarks of cancer are driven by perturbations in protein-

protein interactions and signaling pathways [1]. Large-scale sequencing studies of human tumors 

such as The Cancer Genome Atlas (TCGA) and the International Cancer Genome Consortium 

(ICGC) provide opportunities to uncover the genetic basis of the processes that drive cancer. 

Whole-genome gene expression profiling studies have been instrumental not only in classifying 

tumors and uncovering genetic alterations in cancer cells (mutations, copy number, and 

rearrangements), but as a rich source of potential targets in a variety of cancers [2-13]. These studies 

have been instrumental in identifying tumor subtypes and uncovering driver mutations of these 

diseases. 

While TCGA has been successful in identified critical cancer driver alterations at the gene 

level, the contribution of genes to the dysregulation of oncogenic signaling pathways remain 

unclear. The characterization of the molecular landscapes of cancers have identified a subset of 

genes and their protein products that promote tumorigenesis and progression through driver 

mutations [14, 15]. These mutations result in tumor heterogeneity, whereby patients with similar 

cancers can exhibit different responses to traditional treatment options. Somatic mutations 

contribute to tumorigenesis by destabilizing protein structure and altering protein function [16]. 

Many of these altered proteins do not have prototypical enzyme active sites traditional seen in 

traditional single-target drug discovery efforts, and can only be targeted through their protein-

protein interactions [17]. 

 1.1.2 Protein-Protein Interactions. Protein-protein interactions (PPIs) control nearly 

every aspect of normal cellular function, including enzyme catalysis, DNA regulation, biological 

signaling, and immune response. These interactions also contribute to activating or suppressing 

signaling networks involved in pathological processes such as cancer [17, 18]. In cells, it is 

estimated that signaling pathways occur in a network of more than 200,000 protein-protein 

interactions [19-21]. Protein-protein interactions were previously considered undruggable, largely 

due to the size of the protein interfaces (~1000-2000 Å2) compared to traditional enzyme active 

sites (~300-500 Å2) [22, 23]. The protein interfaces are also generally flat and devoid of grooves 

and cavities present at traditional enzyme binding sites [24]. Unlike enzyme binding sites, there are 

no native small-molecule ligands or substrates that bind to the binding pocket and can act as a 
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natural starting point. These three factors represent significant challenges in current drug discovery 

efforts of protein-protein interactions despite their therapeutic importance. 

However, not all protein-protein interactions share these limitations. Rather, protein-

protein interactions range from transient to tight [25-27]. They have been classified as primary, 

secondary, or tertiary depending on the architecture at the interface of the complex [22]. Primary 

interfaces are generally simple, involving a short linear peptide bound to the surface of another 

protein. Secondary interactions consist of an Ŭ-helix or ɓ-turn that is often ensconced into a well-

defined cavity of the receptor. Tertiary interactions are more complex, sometimes involving 

multiple secondary structures such as Ŭ-helices and ɓ-strands. The size of the contact surface 

increases from primary to tertiary, reaching more than 1,500 Å2 in some cases for tertiary 

interactions [28]. 

 The interaction energy (æG) of protein-protein interactions is not evenly distributed across 

the entire interaction interface [29]. Hot spots are residues that contribute substantially to the 

protein-protein interaction. They can be located either on the protein ligand or on the receptor. Hot 

spots are generally identified by alanine scanning studies, where individual amino acids are mutated 

to alanine and the resulting impact on the binding affinity is measured using biochemical or 

biophysical methods [30]. Computational methods such as molecular dynamics simulations have 

also been successfully used [31, 32]. Through these studies, critical hot spot residues have been 

discovered on previously considered undruggable proteins [33, 34]. The amino acid composition 

of interfaces favor certain amino acids, such as hydrophobic aromatic residues like tyrosine or 

tryptophan [28, 35]. Charged residues such as arginine, lysine, and glutamic acid are also frequently 

found at interfaces and often engage residues through salt-bridge and ˊ-cation interactions [36, 37]. 

As a result, these residues are often identified as hot spots. Hot spots are often assembled in tightly 

packed clusters on the interface and are often referred to as hot regions [38]. It has been suggested 

that the distribution of these regions play a role in how proteins can have multiple binding partners. 

 In this work, the current challenges in targeting protein-protein interactions at both a target-

specific level and across the human interactome is explored. A series of studies describes my effort 

to first understand the structural basis of protein-protein interactions by comparing the engagement 

of existing inhibitors of protein-protein interactions with the native protein ligand at five protein-

protein interactions that are critical to cancer cell signaling. We find that more potent inhibitors of 

these protein-protein interactions are better able to engage critical residues, or hot spots, located on 

the protein receptor as well as mimic hot spots present on the protein ligand. We then propose a 

method to represent the engagement of compounds from chemical libraries to a protein receptor as 

a bitwise fingerprint to rank-order compounds from computational screening. Cancer exhibits many 
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phenotypes, such as uncontrolled cell growth, invasion, and metastasis. We propose that to inhibit 

many of the phenotypes associated with tumorigenesis and tumor progression will require 

compounds that can target the underlying protein-protein interaction network associated with these 

phenotypes at more than one point. In the final part of this work, a structure-based approach is used 

to identify compounds that target genes that have been implicated in cancer progression. We first 

identify druggable binding sites across the cancer proteome. Then, we propose a method to enrich 

chemical libraries for phenotypic screening to identify compounds that can potentially target 

druggable binding sites on proteins implicated in cancer. 

 

1.2 CHALLENGES ADDRESSED 

While protein-protein interactions are implicated in the pathogenesis of diseases such as 

cancer, one challenge is the identification of potential druggable binding sites on these proteins. 

Despite the therapeutic potential of protein-protein interactions, current efforts in drug discovery 

are largely focused on targeting kinases, nuclear receptors, ion channels, and rhodopsin-like G 

protein-coupled receptors (GPCRs) [39]. The lack of favorable physicochemical properties makes 

protein-protein interactions unsuitable for drug discovery. However, recent advances in the design 

of protein-protein interaction inhibitors that target tight and stable interactions critical to cancer 

signaling have provided opportunities to identify critical intermolecular interactions between the 

native protein-ligand complex to enrich chemical libraries for potential inhibitors of these protein-

protein interactions. In this work, we followed a structure-based approach to develop scoring 

approaches to identify compounds that can potentially inhibit protein-protein interactions. Often, 

one of the first steps in target-based drug discovery is the use of structure-based virtual screening 

to computational enrich or rank-order a chemical library to a well-defined binding pocket on a 

target of interest. However, traditional scoring functions were developed for targeting binding sites 

on enzymes, and not suitable for protein-protein interactions. Here, we develop a scoring function 

that uses the native interaction as a guide to rank-order chemical libraries. 

In addition to targeting individual protein-protein interactions implicated in cancer, we 

developed an approach to enrich chemical libraries for phenotypic screening. Rather than 

identifying compounds that target single proteins, phenotypic screening identifies compounds that 

modulate a specific tumor phenotype, for example, cell viability or cell invasion. Traditionally, this 

is done in a high-throughput manner, in which millions of compounds are screened. Often, 

compounds identified from this approach are non-specific to either the targets of interest and are 

toxic to both cancer and normal cells. In the second part of this work, we address this challenge by 

following a structure-based approach for cancer-specific drug discovery by (i) identifying relevant 
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cancer-specific targets with druggable binding sites, and (ii) developing methods to identify small 

compounds for cancer therapeutics. 

 

1.3 MAJOR CONTRIBUTIONS  

Here, four major projects are presented to address these challenges in identifying potential 

inhibitors of protein-protein interactions: (i) understanding the structural basis of protein-protein 

interactions, (ii) leveraging hot spots for the inhibition of individual protein-protein interactions, 

and (iii) identifying and targeting protein-protein interaction networks. 

 First, topics related to targeting individual protein-protein interactions are explored. In 

Chapter 2, the role of hot spots is explored by surveying existing protein-protein interaction 

inhibitors as summarized in Fig. 1.1. Computational methods are used to identify critical residues, 

also known as hot spots, at protein-protein interaction interfaces using alanine scanning and per-

residue energy decomposition. Then, we explore engagement of compounds with receptor hot spots 

and investigated overlap between compounds and ligand hot spots. 

Next, we leveraged this for structural-based virtual screening. Structural-based virtual 

screening is often the first step in target-based drug discovery. The goal of structural-based virtual 

screening is to enrich chemical libraries for potential compound candidates by docking large 

chemical libraries to a well-defined binding site on a target of interest. Molecular docking is used 

to predict the binding poses of each compound to the target, and scoring functions are used to 

evaluate these poses and rank-order compounds. However, traditional scoring functions are 

designed for well-defined binding sites on enzymes, nuclear receptors, G-protein coupled receptors, 

and other targets that have been well-studied in cancer and other diseases and are not suitable for 

protein-protein interactions. Therefore, we developed a method to exploit the interaction of small 

molecules with both receptor and ligand hot spots to identify potential leads of protein-protein 

interaction inhibitors at individual protein-protein interactions in Chapter 3. This scoring method 

was applied to the urokinase protein-protein interaction to rank-order commercial compounds, 

eventually leading to the discovery of a fragment-like compound that was optimized to inhibit the 

interaction with low single-digit micromolar binding affinity (Fig. 1.2). 

In Chapter 4, the role of chemical diversity is explored in mimicking ligand hot spots by 

comparing three chemical libraries with different physicochemical properties and developmental 

ideologies (Fig. 1.3). Three different tight interactions for which hot-spot residues have been 

identified were selected for analysis in order to provide insight into how different areas of chemical 

space can be used for the discovery of potential inhibitors. 
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Cancer is a disease that affects the protein-protein interaction landscape. Disruptions in this 

landscape results in multiple phenotypes indicative of cancer, for example, uncontrolled cell growth 

and resistance of cell death. Often, these phenotypes are a result of disturbance of both previously 

discovered and still undiscovered interactions critical to tumorigenesis. There are additional 

opportunities at undiscovered protein-protein interactions implicated in cancer. Systematic cancer 

projects such as TCGA have identified novel targets critical to tumorigenesis and tumor 

progression. In Chapter 5, a set of cancer-specific druggable binding pockets in the human 

proteome are identified with respect to their putative function, role in cancer signaling pathways, 

and somatic mutations by integrating multiomic TCGA genomic data and structural data as 

summarized in Fig. 1.4. Finally, in Chapter 6, a method to enrich chemogenomic libraries for 

phenotypic screening using GBM-specific targets is described. In this approach, a large-scale 

protein-compound interaction matrix is generated from large-scale virtual screening of chemical 

libraries to targets implicated in GBM (Fig. 1.5). Then, compounds are rank ordered based on their 

ability to maximally target druggable binding sites on proteins implicated in the disease. The 

discovery of a compound that inhibits GBM phenotypes without affecting normal cell viability 

suggests that our approach to create tumor-specific chemogenomic libraries may hold promise for 

developing more efficacious treatments for incurable diseases like GBM. 
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Figure 1.1. Workflow for the investigation of the structural basis for protein-protein interactions.  
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Figure 1.2. Workflow to rank-order compounds using protein receptor and ligand hot spots. 
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Figure 1.3. Exploring the role of chemical libraries for protein-protein interaction inhibitors. 
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Figure 1.4. Workflow used to identify cancer-specific druggable proteins.  
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Figure 1.5. Screening the GBM-specific network using structure-based virtual screening.  
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Chapter 2 

A COMPUTATIONAL INVESTIGATION OF SMALL -MOLECULE ENGAGEMENT 

OF HOT SPOTS AT PROTEINïPROTEIN INTERACTION INTERFACES  

 

2.1 INTRODUCTION  

Small molecules disrupt tight protein-protein interactions by engaging or mimicking hot 

spots located at the protein-protein interface [28, 33, 38, 40, 41]. Hot spots are amino acids that 

contribute substantially to the protein-protein interaction. They can be located either on the protein 

ligand or on the receptor. Hot spots are generally identified by alanine scanning studies, where 

individual amino acids are mutated to alanine and the resulting impact on the binding affinity is 

measured using biochemical or biophysical methods [30]. Computational methods such as 

molecular dynamics simulations have also been successfully used [31, 32]. 

There is intense interest in the development of small organic molecules to disrupt protein-

protein interactions [42]. Small molecules provide useful tools to dissect individual interactions of 

the cellular protein-protein interaction network. In addition, small molecules that disrupt protein-

protein interactions associated with a disease can be further developed into therapeutic agents. 

Early strategies for developing protein-protein interaction inhibitors consisted of designing 

compounds with substituents that mimicked side chains of the protein ligand [43]. This has worked 

particularly well for the development of peptidomimetic inhibitors of protein-protein interaction 

[44] such as the MDM2Åp53 interaction [45]. Another approach consists of searching for fragment-

like compounds that bind to cavities at the protein-protein interface [46]. This method has led to 

nanomolar and sub-micromolar inhibitors of Bcl-xLÅBak [47], IL-2ÅIL-2RŬ [48], and more 

recently KEAP1ÅNRF2 [49]. 

Structure-based computational screening of commercially available chemical libraries has 

also been applied towards the discovery of small-molecule protein-protein interaction inhibitors. 

Virtual screening led to the discovery of fragment-like compounds that disrupted the interaction 

between IFN-Ŭ and its binding partner IFNAR [50]. Another strategy combining docking and 

pharmacophore definitions led to inhibitors of the LEDGFÅp75 interaction [51]. It has been 

suggested that small molecules disrupt tight protein-protein interactions by engaging or mimicking 

hot spots located at the protein-protein interface [28, 33, 38, 40, 41, 43]. Despite the widely 

accepted view that disruption of hot-spot interactions is critical for the successful inhibition of 

protein-protein interactions, there is no systematic approach to take advantage of hot spots for the 

rational design of small-molecule antagonists. 
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Strategies that have designed compounds to mimic hot spots on the protein ligand generally 

ignore hot spots located on the protein receptor. Similarly, compounds that are designed using 

fragment-based methods are conceived to bind to pockets on the receptor protein without regard to 

hot spots located on the protein ligand. Understanding how compounds engage and mimic hot spots 

could help guide the design of chemical libraries and to guide structure-based computational 

screening of these chemical libraries for the discovery of small-molecule protein-protein interaction 

inhibitors. 

Here, we subject protein-compound and protein-protein structures to explicit-solvent 

molecular dynamics simulations and free energy calculations. We select five protein-protein 

interactions that have been successfully inhibited with small molecules and for which there exists 

quality binding affinity data and co-crystal structures: Bcl-xLÅBak, MDM2Åp53, XIAPÅSmac, IL-

2ÅIL-2RŬ, and BRD4ÅH4. For each protein-protein and protein-compound complex, MM-GBSA 

free energy calculations were carried out to determine the binding free energy for comparison to 

experimental binding affinities and IC50s. In addition, for each protein-protein complex, we 

determine the free energy change due to mutation of interface residues to alanine (computational 

alanine scan). We explore the interaction of each compound and protein ligand to the predicted hot 

spots on the receptor using per-residue decomposition energy calculations. Furthermore, we use 

pharmacophore modeling to investigate how effectively compounds mimic hot spots located on the 

protein ligand. Finally, molecular dynamics simulations are analyzed to compare the effect of 

compounds on the dynamics of the receptor to those of the protein ligand. 

 

2.2 RESULTS 

 2.2.1 Protein-Protein and Protein-Compound Complexes. Five protein-protein 

interactions that have been successfully inhibited previously with small molecules were selected 

for this work (Table 2.1). Two of these interactions are classified as primary, corresponding to a 

short linear peptide binding to a receptor protein: The Bir3 domain of X-linked inhibitor of 

apoptosis protein with a short peptide of Smac/DIABLO (XIAPÅSmac; Kd = 420 ± 20 nM), and the 

first of two bromodomains on BRD4 with a di-acetylated peptide from a histone 4 tail (BRD4ÅH4; 

Kd = 4.8 ± 0.4 µM). Another two interactions are classified as secondary: MDM2, an inhibitor of 

p53 transcriptional activation, with the tumor suppressor p53 (MDM2Åp53; Kd = 295 nM), and a 

pro-survival protein Bcl-xL with a pro-apoptotic peptide of Bak (Bcl-xLÅBak; Kd = 340 ± 30 nM). 

These consist of 13- and 16-residue Ŭ-helices bound to well-defined pockets on MDM2 and Bcl-

xL, respectively. The last interaction is classified as tertiary: The cytokine interleukin-2 with its Ŭ-

subunit (IL-2ÅIL-2RŬ; Kd = 13 nM). 
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A total of 36 small-molecule inhibitors that were co-crystallized with their respective 

targets were considered (Table 2.1). The compounds have a wide range of chemical structures and 

physicochemical properties. The binding affinity of the compounds ranged from sub-nanomolar to 

sub-millimolar. The Bcl-xL compounds were generally the largest and exhibited the highest 

affinities and inhibition potency, with the majority showing nanomolar Kd and IC50. The weakest 

affinity compound, 5, was a lead compound that ultimately led to a sub-nanomolar inhibitor of Bcl-

xL [52]. The inhibitors of the MDM2Åp53 interaction had binding affinities to MDM2 that ranged 

from 0.4 to 916 nM, with similar IC50 values ranging from 1.1 to 1710 nM. Except for two of the 

seven XIAP antagonists, Kds and IC50s of these compounds were in the sub-micromolar range. 

Compounds 18 and 22 showed micromolar Kd. The IC50 for the four IL-2R antagonists ranged from 

60 nM to 6000 nM. Finally, the BRD4 antagonists exhibited binding affinities that ranged from 36 

nM to 2400 nM. The IC50 values ranged from 16 to 100 nM. 

Ligand efficiency is defined as a compoundôs free energy of binding divided by the number 

of non-hydrogen atoms [53]. Generally, ligand efficiency for drug-like compounds should be 

greater than 0.30 [54]. Among the compounds that we have considered, only BRD4ÅH4 inhibitors 

exhibited ligand efficiencies that are greater than 0.3 (0.32 Ñ 0.01), while inhibitors of MDM2Åp53 

are below 0.3 with a ligand efficiency of 0.27 Ñ 0.02. Inhibitors of XIAPÅSmac have ligand 

efficiencies of 0.24 ± 0.02, despite having similar number of heavy atoms as inhibitors of 

MDM2Åp53 (XIAPÅSmac: 35 Ñ 1, MDM2Åp53: 36 Ñ 2, Mann-Whitney rank-sum test, p = 0.88). 

There are at least two halogen atoms in each of the MDM2Åp53 antagonists compared to none in 

XIAPÅSmac antagonists, resulting in approximately 80 Da increase in molecular weight despite the 

almost equal number of heavy atoms. Finally, Bcl-xLÅBak and IL-2ÅIL-2RŬ have ligand 

efficiencies of 0.22 ± 0.03 and 0.21 ± 0.01, respectively. Overall, except for BRD4, most small-

molecule protein-protein interaction inhibitors have poor ligand efficiencies. 

The lipophilic efficiency of a compound measures the difference between its activity and 

lipophilicity [55]. Compounds with high lipophilicity tend to have increased target promiscuity and 

decreased solubility [55]. Thus, interactions involving compounds with high lipophilic efficiency 

are primarily directed and specific to a protein receptor [56]. Generally, lipophilic efficiency of 

lead-like compounds is greater than 5 [55]. Mean lipophilic efficiency across all inhibitors is 3.3 ± 

0.3, ranging from 1.9 Ñ 0.5 in MDM2Åp53 to 5.7 Ñ 0.5 in XIAPÅSmac. Among all the antagonists 

we have considered, only small-molecule XIAPÅSmac antagonists and 26, which inhibits IL-2ÅIL-

2RŬ, have lipophilic efficiencies above 5. 
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Table 2.1. Characteristics of protein-protein interaction complexes. 

PDB Compound Ligand LE a LLE b Kd/Ki (nM) IC 50 (nM) Ref 

Bcl-xLÅBak 

1BXL  -   340 ± 30 [57] 

1YSI 1 N3B 0.27 1.6 36 ± 1.6 
 

[58] 

2YXJ 2 N3C 0.23 4.4 0.37 2.5 ± 0.6 [59] 

3QKD 3 HI0 0.20 3.1 4.2 3 [60] 

3SP7 4 03B 0.19 2.1 <1 6 ± 1 [52] 

3SPF 5 B50 0.14 0.6 138000 ± 76000 453000 ± 25000 [61] 

4QVX 6 3CQ 0.32 6.2 <0.01 
 

[62] 

 

MDM2Åp53 

1YCR  -   295  [63] 

1RV1 7 IMZ 0.23 0.0 
 

140 [64] 

1T4E 8 DIZ 0.28 2.5 80 220 [65, 

66] 

3JZK 9 YIN 0.26 0.5 
 

1230 ± 820 [67] 

3LBK 10 K23 0.25 0.1 916 1710 ± 1103 [68] 

3TU1 11 07G 0.27 3.1 250 
 

[69] 

3W69 12 LTZ 0.21 3.0 
 

58 [70] 

4DIJ 13 BLF 0.26 1.7 
 

30 [71] 

4ERE 14 0R2 0.33 3.2 
 

4.2 ± 0.9 [72] 

4ERF 15 0R3 0.38 4.3 0.4 1.1 ± 0.5 [72] 

4HG7 16 NUT 0.24 0.7 
 

71 ± 11 [73] 

 

XIAPÅSmac 

1G73  -   420 ± 20  [74] 

2JK7 17 BI6 0.27 4.9 67 ± 18 
 

[75] 

2OPY 18 CO9 0.19 6.1 30000 ± 12000 
 

[76] 

3CLX 19 X22 0.25 5.9 250 270 ± 20 [77] 

3CM2 20 X23 0.23 6.6 870 970 ± 120 [77] 

3EYL 21 SMK 0.25 6.8 220 250 ± 40 [77, 

78] 

3HL5 22 9JZ 0.16 3.4 34000 
 

[79] 

5C83 23 4YN 0.30 5.5 
 

160 [80] 

 

IL -2ÅIL -2RŬ 

1Z92  -   13  [81] 

1M48 24 FRG 0.23 3.9 8200 3000 [81, 

82] 

1PW6 25 FRB 0.20 3.4 
 

6000 [83] 

1PY2 26 FRH 0.22 5.9 
 

60 [83] 

1QVN 27 FRI 0.19 2.8 
 

250 [84] 

 

BRD4ÅH4 

 

3UVW  -   4800 ± 400  [85] 

2YEL 28 WSH 0.31 2.3 52.5 15.5 ± 1.9 [86] 
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3MXF 29 JQ1 0.32 2.5 49 77 [87, 

88] 

3P5O 30 EAM 0.33 3.9 55.2 36.1 [88] 

3U5J 31 08H 0.35 2.0 2460 ± 110 
 

[89] 

3U5L 32 08K 0.37 2.1 640 ± 30 
 

[89] 

3ZYU 33 1GH 0.31 3.3 
 

100 [90] 

4F3I 34 0S6 0.36 3.6 36.1 ± 7.8 30 ± 4 [91] 

4MR4 35 1K0 0.30 2.9 1142 ± 46 
 

[92] 

5D3L 36 57F 0.28 3.6 880 
 

[93] 
a Ligand Efficiency, T = 298.15 K 

b Lipophilic Efficiency 
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Table 2.2 Calculated free energies (± standard error) of protein-protein and protein-ligand 

complexes. 

PDB Cpd æEVDW æEELE æEGB æESURF æEGBTOT æGMM -GBSA 

Bcl-xLÅBak 

1BXL 
 

-93.5 ± 0.4 -266.1 ± 2.2 295.1 ± 2.0 -13.6 ± 0.0 -78.1 ± 0.4 -36.7 ± 0.5 

1YSI 1 -49.4 ± 0.1 -6.2 ± 0.1 28.1 ± 0.1 -6.3 ± 0.0 -33.8 ± 0.1 -16.7 ± 0.3 

2YXJ 2 -72.9 ± 0.1 -433.4 ± 0.9 458.9 ± 0.9 -9.0 ± 0.0 -56.3 ± 0.1 -28.7 ± 0.3 

3QKD 3 -71.2 ± 0.1 -384.9 ± 0.7 406.1 ± 0.7 -8.7 ± 0.0 -58.6 ± 0.1 -33.2 ± 0.2 

3SP7 4 -83.3 ± 0.2 -223.2 ± 0.7 238.8 ± 0.6 -11.1 ± 0.0 -78.8 ± 0.2 -44.9 ± 0.3 

3SPF 5 -39.8 ± 0.2 -5.1 ± 0.3 20.3 ± 0.2 -4.9 ± 0.0 -29.5 ± 0.2 -11.3 ± 0.3 

4QVX 6 -84.2 ± 0.1 -181.0 ± 0.5 199.6 ± 0.5 -9.8 ± 0.0 -75.4 ± 0.1 -49.0 ± 0.2 

 

MDM2Åp53 

1YCR  -73.5 ± 0.2 -377.5 ± 1.2 400.5 ± 1.1 -10.1 ± 0.0 -60.6 ± 0.2 -25.1 ± 0.3 

1RV1 7 -44.4 ± 0.1 -8.1 ± 0.1 20.9 ± 0.1 -5.1 ± 0.0 -36.7 ± 0.1 -17.8 ± 0.2 

1T4E 8 -43.8 ± 0.1 -136.9 ± 0.9 151.8 ± 0.9 -5.1 ± 0.0 -34.1 ± 0.1 -15.9 ± 0.2 

3JZK 9 -40.3 ± 0.1 -11.1 ± 0.1 22.9 ± 0.1 -4.5 ± 0.0 -32.9 ± 0.1 -14.3 ± 0.2 

3LBK 10 -36.6 ± 0.1 -115.0 ± 0.4 129.4 ± 0.4 -4.5 ± 0.0 -26.7 ± 0.1 -9.7 ± 0.2 

3TU1 11 -42.4 ± 0.1 -107.7 ± 0.4 123.6 ± 0.4 -5.4 ± 0.0 -32.0 ± 0.1 -12.9 ± 0.2 

3W69 12 -48.4 ± 0.1 59.2 ± 0.2 -44.6 ± 0.2 -5.8 ± 0.0 -39.7 ± 0.1 -20.0 ± 0.3 

4DIJ 13 -44.7 ± 0.1 -7.6 ± 0.1 21.9 ± 0.1 -5.3 ± 0.0 -35.6 ± 0.1 -16.1 ± 0.2 

4ERE 14 -40.3 ± 0.1 -112.3 ± 1.1 125.8 ± 1.0 -5.0 ± 0.0 -31.8 ± 0.1 -12.0 ± 0.2 

4ERF 15 -38.7 ± 0.1 -145.5 ± 0.7 156.1 ± 0.6 -5.2 ± 0.0 -33.3 ± 0.1 -13.7 ± 0.2 

4HG7 16 -45.4 ± 0.1 -8.0 ± 0.1 22.6 ± 0.1 -5.4 ± 0.0 -36.3 ± 0.1 -16.6 ± 0.3 

 

XIAPÅSmac 

1G73  -49.6 ± 0.4 -265.8 ± 2.4 280.6 ± 2.3 -7.2 ± 0.0 -42.0 ± 0.3 -9.7 ± 0.4 

2JK7 17 -41.1 ± 0.1 -133.0 ± 0.5 131.4 ± 0.4 -5.0 ± 0.0 -47.8 ± 0.1 -30.1 ± 0.2 

2OPY 18 -32.7 ± 0.1 -162.3 ± 1.1 171.2 ± 1.0 -4.3 ± 0.0 -28.1 ± 0.2 -8.3 ± 0.2 

3CLX 19 -39.6 ± 0.1 -178.7 ± 0.5 178.1 ± 0.4 -5.2 ± 0.0 -45.4 ± 0.1 -23.8 ± 0.2 

3CM2 20 -37.0 ± 0.1 -271.4 ± 0.8 266.2 ± 0.7 -5.0 ± 0.0 -47.2 ± 0.1 -26.7 ± 0.2 

3EYL 21 -40.1 ± 0.1 -247.5 ± 0.7 240.3 ± 0.6 -5.5 ± 0.0 -52.6 ± 0.2 -31.0 ± 0.2 

3HL5 22 -32.8 ± 0.1 -146.2 ± 0.4 142.2 ± 0.3 -4.1 ± 0.0 -40.9 ± 0.1 -19.5 ± 0.2 

5C83 23 -43.4 ± 0.1 -152.2 ± 0.5 154.7 ± 0.5 -4.9 ± 0.0 -45.8 ± 0.1 -23.7 ± 0.3 

 

IL -2ÅIL -2RŬ 

1Z92  -73.3 ± 0.8 -674.0 ± 7.1 683.9 ± 7.2 -12.9 ± 0.1 -76.4 ± 0.9 -28.9 ± 0.9 

1M48 24 -43.4 ± 0.1 -129.7 ± 0.4 129.5 ± 0.3 -5.9 ± 0.0 -49.4 ± 0.1 -28.5 ± 0.2 

1PW6 25 -39.1 ± 0.2 -118.9 ± 0.4 120.6 ± 0.3 -5.3 ± 0.0 -42.8 ± 0.2 -21.5 ± 0.3 

1PY2 26 -51.4 ± 0.1 -228.9 ± 0.8 234.0 ± 0.8 -6.8 ± 0.0 -53.1 ± 0.1 -26.1 ± 0.3 

1QVN 27 -52.4 ± 0.2 -133.7 ± 0.4 140.3 ± 0.4 -6.8 ± 0.0 -52.5 ± 0.1 -24.7 ± 0.3 

 

BRD4ÅH4 

3UVW  -70.8 ± 0.2 -159.8 ± 0.9 177.7 ± 0.8 -10.6 ± 0.0 -63.5 ± 0.2 -31.3 ± 0.4 

2YEL 28 -40.7 ± 0.1 -8.0 ± 0.1 20.0 ± 0.1 -5.0 ± 0.0 -33.6 ± 0.1 -16.1 ± 0.2 

3MXF 29 -41.4 ± 0.1 -2.3 ± 0.1 13.8 ± 0.1 -4.9 ± 0.0 -34.8 ± 0.1 -17.7 ± 0.2 
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3P5O 30 -41.5 ± 0.1 -9.9 ± 0.1 23.0 ± 0.1 -5.0 ± 0.0 -33.4 ± 0.1 -16.5 ± 0.2 

3U5J 31 -34.9 ± 0.1 -9.8 ± 0.1 18.5 ± 0.1 -4.1 ± 0.0 -30.4 ± 0.1 -15.4 ± 0.2 

3U5L 32 -36.0 ± 0.1 -11.7 ± 0.1 20.3 ± 0.1 -4.3 ± 0.0 -31.6 ± 0.1 -14.9 ± 0.2 

3ZYU 33 -40.7 ± 0.1 -9.3 ± 0.1 22.4 ± 0.1 -4.9 ± 0.0 -32.4 ± 0.1 -15.5 ± 0.2 

4F3I 34 -40.5 ± 0.1 -4.0 ± 0.1 15.0 ± 0.1 -4.9 ± 0.0 -34.3 ± 0.1 -17.6 ± 0.2 

4MR4 35 -31.9 ± 0.1 -19.8 ± 0.2 28.6 ± 0.2 -4.4 ± 0.0 -27.6 ± 0.1 -11.7 ± 0.2 

5D3L 36 -36.3 ± 0.1 -29.1 ± 0.3 39.8 ± 0.2 -4.9 ± 0.0 -30.5 ± 0.1 -13.4 ± 0.2 
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 2.2.2 Molecular Dynamics Simulations and Free Energy Calculations. Molecular 

dynamics simulations and MM-GBSA calculations were carried out for the five protein-protein and 

36 protein-compound complexes. The MM-GBSA free energies for individual complexes are 

reported in Table 2.2. The van der Waals potential energy (æEVDW) and the free energy due to 

burial of solvent-accessible surface area (æESURF) were more favorable for the protein-protein 

complexes than the protein-compound complexes. The van der Waals potential energy ranged from 

-93.5 ± 0.4 kcal·mol-1 for Bcl-xLÅBak to -49.6 ± 0.4 kcal·mol-1 for XIAPÅSmac, while æESURF 

ranged from -13.6 for Bcl-xLÅBak to -7.2 kcal·mol-1 for XIAPÅSmac. æESURF is directly 

proportional to the change in solvent-accessible surface area upon binding [94]. The buried surface 

area on the receptor in the protein-protein complexes are approximately 940, 900, 715, 660, and 

250 Å2 for Bcl-xL, IL-2, BRD4, MDM2, and XIAP, respectively. Therefore, it was not a surprise 

to find that ȹESURF was substantially less favorable for the protein-compound complexes than those 

of the native protein-protein complex considering the much larger surfaces of the latter. However, 

æESURF for protein-protein and protein-compound complexes were similar for XIAPÅSmac and 

some of the Bcl-xLÅBak antagonists (compounds 4 and 6). This is explained by the fact that the 

XIAPÅSmac interface is relatively small, such that the protein-protein and protein-compound 

interfaces are similar in size. For the Bcl-xLÅBak interaction inhibitors, compounds 4 and 6 had the 

most favorable æEVDW (-83.3 ± 0.2 and -84.2 ± 0.1 kcal·mol-1, respectively) and æESURF (-11.1 and 

-9.8 kcal·mol-1, respectively). 

The electrostatic contributions to the free energy of binding are represented by the 

Coulomb potential energy (æEELE) and the Generalized-Born (GB) solvation energy (æEGB). The 

Coulomb energy is generally most favorable for the native protein ligands when compared to 

compounds. The only exception was for Bcl-xLÅBak where two compounds, 2 and 3, exhibited 

substantially more favorable æEELE. Compounds 4 and 6 also had highly favorable æEELE. This is 

likely due to the formation of a salt bridge between carboxylic groups on 4 and 6 with Arg-132 and 

Arg-139 on Bcl-xL, respectively. The favorable æEELE values lead to highly unfavorable æEGB, 

since the desolvation of charged and polar groups is highly unfavorable. The Coulomb energies for 

the BRD4ÅH4 compounds were the most unfavorable. This may be attributed to the fact that none 

of these compounds have charged groups. 

The æEGBTOT term is the sum of polar and non-polar interactions. When entropy is added 

to æEGBTOT, the result is the æGMM-GBSA free energy of binding. As expected, æGMM-GBSA is 

substantially less favorable than æEGBTOT since the entropy for binding always results in a penalty 

to the free energy of binding. In most of the complexes, the entropy change due to binding of the 

native protein to the receptor was about 30 kcal·mol-1. For compounds, the entropy penalty was 
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more substantial for the Bcl-xL antagonists, which in some cases were nearly as large as that of the 

native ligand (e.g. 4). This is because the Bcl-xL compounds are generally larger than the other 

compounds, but also possess linear architecture that makes them more flexible with more rotatable 

bonds. The larger number of rotatable bonds will result in more unfavorable entropy change 

following binding. 

The computational (æGMM-GBSA) and experimental free energies (æGExp) of both protein-

protein and protein-compound complexes are also shown in Fig. 2.1. The correlation coefficients 

when considering both protein-protein and protein-compound complexes are r = 0.55, ɟ = 0.43, Ű 

= 0.31. When we only consider protein-compound complexes, the correlation coefficients are 

higher (r = 0.64, ɟ = 0.52, Ű = 0.38). Among the individual components of the computational free 

energy, the total enthalpy (æEGBTOT) components of the computational free energy correlates with 

the experimental free energy for all complexes. The antagonists of the Bcl-xLÅBak and BRD4ÅH4 

interactions show the strongest correlations, with Pearsonôs r of 0.86 and 0.74, respectively. When 

entropy is considered (æGMM-GBSA), the correlation of Bcl-xLÅBak and MDM2Åp53 remain 

relatively similar, while the correlation of XIAPÅSmac and BRD4ÅH4 are lower by approximately 

0.2. The predicted and experimental binding affinities did not correlate for the IL-2ÅIL-2RŬ 

complex. 
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Figure 2.1. Comparison of free energies in protein-protein and protein-compound complexes. Free 

energies of protein-protein and protein-compound complexes. Protein-protein complexes are 

shown as diamonds while protein-compound complexes are shown in circles. 
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Figure 2.2. Per-residue decomposition versus computational alanine scanning of protein-protein 

complexes. 
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2.2.3 Computational Alanine Scanning and Free Energy Decomposition. To explore 

how effectively the native protein ligand engage receptor hot spots, we performed computational 

alanine scanning of interface residues on the receptor of each of the five protein-protein complexes 

using MM-GBSA. We mutated each receptor residue that is located at the interaction interface to 

alanine and calculated the resulting change in the MM-GBSA free energy between the wild-type 

and mutant complexes (ææGMM-GBSA
AlaScan). In addition to alanine scanning, we carried out per-residue 

decomposition energy analysis for the native ligand and small-molecule inhibitors. This consists of 

determining the interaction energy of protein ligands and small-molecule inhibitors to each of the 

residues on the receptor. The decomposition energy includes all the components of the MM-GBSA 

free energy except for entropy.  

We compare decomposition energies (æEGBTOT
Decomp

) to alanine scanning free energy changes 

(ææGMM-GBSA
AlaScan) for each residue at the interaction interface (Fig. 2.2). We observe good correlation 

between the computational alanine scanning and total residue decomposition energies across the 

five protein-protein complexes. The mean correlation coefficient across the five complexes for r, 

ɟ, and Ű are -0.80 ± 0.04, -0.53 ± 0.06, and -0.38 ± 0.05, respectively. A negative correlation is 

expected since residues that have favorable decomposition energies (negative energies) with the 

protein ligand are expected to lead to a higher binding affinity penalty (positive energy) when 

mutated to alanine. Inspection of Fig. 2.2 reveals that there are several exceptions. Several residues 

lead to unfavorable ææGMM-GBSA
AlaScan, yet their interaction with the protein ligand (æEGBTOT

Decomp
) is highly 

favorable. 

2.2.4 Bcl-xLÅBak. The Bcl-2 protein family consists of apoptosis regulators, which are 

divided into three subfamilies: pro-survival (e.g. Bcl-xL, Bcl-w, and Mcl-1), Bax-like pro-apoptotic 

(e.g. Bax and Bak), and BH3 only (e.g. Bad and Bim) [95]. Inhibition of pro-survival activity occurs 

through binding of a BH3 domain to a hydrophobic cleft formed by the BH1, BH2, and BH3 

domains of a pro-survival protein [96, 97]. One example is the complex between the pro-survival 

protein Bcl-xL and the pro-apoptotic protein Bak, which is characterized by a 16-residue Ŭ-helix 

peptide in a hydrophobic cleft formed by the BH1, BH2, and BH3 regions of Bcl-xL (Fig. 2.3A). 

This 16-residue peptide, with a binding affinity of 0.34 µM, represents the minimal region required 

to bind to Bcl-xL [57].  

Experimental alanine scanning of the Bak peptide identified Val-74, Arg-76, Leu-78, Ile-

81, Asp-83, and Ile-85 on Bak, and Arg-139 on Bcl-xL as critical for the interaction, while Ile-80 

and Asp-84 on Bak and Arg-100 on Bcl-xL were not as important [57]. No experimental alanine 

scanning was done on the receptor. Thus, we carried out a computational alanine scan using MM-
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GBSA to identify residues on Bcl-xL that are critical for binding to Bak (Fig. 2.3B). We found that 

the computational mutation of nine residues to alanine resulted in more than 1.5 kcal·mol-1 increase 

in the MM-GBSA free energy. These predicted hot spots include Phe-97, Arg-100, Tyr-101, Phe-

105, Leu-108, Glu-129, Leu-130, Arg-139, Phe-146, and Tyr-195. Arg-139 was predicted to be 

critical for binding consistent with experimental data [57]. 

We carried out decomposition energy calculations to determine the interaction energy 

between Bak and individual residues on Bcl-xL (Fig. 2.3C). There was strong engagement of hot 

spots by Bak as evidenced by æEGBTOT
Decomp

 magnitudes that were overall greater than 2 kcal·mol-1. The 

only exceptions are Phe-146 and Tyr-195, which interact with Bak with decomposition energies of 

-0.83 ± 0.01 and -1.69 ± 0.04 kcal·mol-1, respectively. We also found that Bak engaged some 

residues that are not considered hot spots. For example, Val-126 binds to Bak with a decomposition 

energy of -2.06 ± 0.02 kcal·mol-1 despite mutation of Val-126 that resulted in a mere 0.42 kcal·mol-

1 change in MM-GBSA energy. Interestingly, this hydrophobic residue is among residues on Bcl-

xL that form contacts with BH3-containing antagonist peptides [97]. Work by Oberstein and co-

workers detailed the differences in van der Waals contacts of two BH3 peptides, Beclin-1 and Bim, 

at Tyr-101 and Leu-108 of Bcl-xL [98]. They suggest that these differences were critical for the 

binding specificity of BH3 peptides to Bcl-xL [98]. Previous mutagenesis studies of Val-126 

against other BH3 peptides revealed the importance of the residue in heterodimerization of Bcl-xL 

[99, 100]. 

Decomposition energies for small molecules (1 to 6) were carried out to gain insight into 

their engagement of individual hot spots on Bcl-xL (Fig. 2.4A). We compared decomposition 

energies of small molecules with those of the native Bak peptide to uncover how effectively 

compounds mimic the native ligand. Surprisingly, in most cases, compounds do not engage Bcl-

xL hot spots as effectively as Bak, despite the substantial medicinal chemistry efforts that were 

invested in developing these compounds. For example, none of the compounds show æEGBTOT
Decomp

 

values that are equal or greater than those of Bak for hot spot residues Arg-100, Tyr-101, and Glu-

129. The remaining hot spots, Phe-97, Phe-105, Leu-130, Arg-139, and Tyr-195 engage four, one, 

five, two, and three of the six compounds with similar interaction energies to the native protein 

Bak, respectively. We found three hot spots bind strongly to all three of the nanomolar inhibitors, 

namely Phe-97, Leu-130, and Tyr-195. The sub-nanomolar inhibitor 6 shows a unique pattern of 

hot-spot binding. The compound binds to Phe-105, Leu-108 and Arg-139 much more strongly than 

the other compounds (-3.06 ± 0.01, -3.51 ± 0.02, and -8.15 ± 0.04 kcal·mol-1, respectively). In each 

of these cases, compound 6 binds to these hot spots much more strongly than that of the native 

ligand Bak.  
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Figure 2.3. Bcl-xLÅBak Protein-Protein Complex. (A) The protein complex of Bcl-xL and Bak 

peptide. Bcl-xL is shown in surface and colored by hydrophobicity, with more hydrophobic 

residues in brown and more hydrophilic residues in green. The Bak peptide is shown in cyan and 

represented in cartoon with side chains in stick. (B) Surface representation of Bcl-xL, where 

residues at the interface on Bcl-xL are colored based on the change in free energy after mutating 

the residue to alanine. (C) Surface representation of Bcl-xL colored by per-residue decomposition 

energy with Bak.  
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Figure 2.4. Bcl-xLÅBak comparison with inhibitors. (A) Residues on Bcl-xL at the interface of the 

protein-protein interaction. On the left, residues are color-coded based on experimental 

mutagenesis studies. Known hot spots residues are highlighted in green and residues that are not 
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hot spots are highlighted in orange. The first two columns show alanine scanning and per-residue 

decomposition at the specific residue in the protein-protein complex, respectively. The third to last 

column show the per-residue decomposition of at the specific residue for each co-crystallized 

inhibitor. Alanine scanning and per-residue decomposition energies are color-coded per the scales 

in Fig. 2.3B and Fig. 2.3C, respectively. Experimental æG are shown in the first row for each 

complex. Numbers are shown in kcal·mol-1. (B) Surface representation of Bcl-xL colored by per-

residue decomposition energy with compound 2.  
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Individual compounds showed differences in their binding to hot spots when compared to 

the native peptide Bak. Compound 5, which has poor micromolar affinity, binds weaker to hot spots 

compared to Bak, particularly at Phe-97, Arg-100, Phe-195, and Asn-136 to Arg-139. Compound 

1, on the other hand, interacts more tightly with Arg-100 than the other compounds, but shows little 

interaction with hot spots Leu-108, Val-126, Glu-129, Leu-130, and Phe-146. The co-crystallized 

structure of 2 is shown in Fig. 2.4B. Compound 2 (ABT-737) binds to Bcl-xL, Bcl-2, and Bcl-w 

with sub-nanomolar affinities, but shows micromolar affinities to Mcl1 [58]. Critical interactions 

between Bcl-xL and 2 include the ˊ-ˊ and ˊ-cation interactions between Tyr-195 and nitrobenzene 

of 2, as well as hydrogen bonding between Gly-138 and Asn-136 to the sulfone and nearby 

secondary amine moieties of 2, respectively. Tyr-101 also forms a ˊ-ˊ interaction with another 

benzene ring in the core structure of the compound. The decomposition energy between Tyr-101 

and 5 is similar to that of the native peptide and is an additional 1 kcal·mol-1 better than the other 

compounds. Finally, Phe-97 and Val-141 form hydrophobic contacts with the thiophenol of 2. The 

interaction with Phe-97 in 1 and 5 is much weaker than in the other compounds, despite ˊ-ˊ 

interactions with the residue in both compounds. Compounds 3 and 4 share similar core structures 

and binding modes with 2. A modification an amide carbonyl in the core of 2 to generate a 

quinazoline in 3 results in an additional hydrogen bond between the quinazoline and the side chain 

of Tyr-101. Compound 4 forms a salt bridge with Arg-139. Among all six antagonists of Bcl-xL, 

only 4 and the sub-nanomolar compound 6 interact with the key Arg-139 residue. The most potent 

compound, 6, forms a ˊ-ˊ interaction with Phe-105 and hydrogen bonds with Leu-108 and Asn-

136. These additional interactions allow the compound to engage more hot spots on Bcl-xL and 

mimic more of the interactions seen in the native Bak peptide. 

2.2.5 MDM2Åp53. MDM2 is an inhibitor of transcriptional activity of the tumor suppressor 

p53 [101]. This interaction is characterized by a 15-residue Ŭ-helix of p53 binding into a 

hydrophobic cleft of MDM2 (Fig. 2.5A). The region on p53 from Thr-18 to Leu-26 represents the 

minimal region required to bind to MDM2 [102]. On p53, the three side chains of Phe-19, Trp-23, 

and Leu-26 are buried in the hydrophobic pocket of MDM2 and are critical for binding [103]. There 

are no published alanine scanning studies for MDM2 in vitro, therefore, the contributions of 

residues at the MDM2Åp53 interface to binding of the p53 peptide are unknown. This prompted us 

to conduct a computational alanine scan to identify hot spots at the interface (Fig. 2.5B). We find 

that Met-50, Leu-54, Ile-61, Val-93, and Tyr-100 on MDM2 are hot spots, resulting to more than 

1.5 kcal·mol-1 change in ææGMM-GBSA
AlaScan. Similarly, the decomposition energies show that Thr-26, 

Met-50, Leu-51, Leu-54, Ile-61, Val-93, Arg-97, Tyr-100, and Tyr-104 contribute more than 2 

kcal·mol-1 to the interaction (Fig. 2.5C).  
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Figure 2.5. MDM2Åp53. (A) The protein complex of MDM2 and p53 peptide. MDM2 is shown in 

surface and colored by hydrophobicity, with more hydrophobic residues in brown and more 

hydrophilic residues in green. The p53 peptide is shown in cyan and represented in cartoon with 

side chains in stick. (B) Surface representation of MDM2, where residues at the interface on MDM2 

are colored based on the change in free energy after mutating the residue to alanine. (C) Surface 

representation of MDM2 colored by per-residue decomposition energy with p53.  
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Figure 2.6. MDM2Åp53 comparison with inhibitors. (A) Residues on MDM2 at the interface of the 

protein-protein interaction. On the left, residues are color-coded based on experimental 

mutagenesis studies. Known hot spots residues are highlighted in green. The first two columns 

show alanine scanning and per-residue decomposition at the specific residue in the protein-protein 

complex, respectively. The third to last column show the per-residue decomposition of at the 

specific residue for each co-crystallized inhibitor. Alanine scanning and per-residue decomposition 

energies are color-coded per the scales in Fig. 2.5B and Fig. 2.5C, respectively. Experimental æG 

are shown in the first row for each complex. Numbers are shown in kcal·mol-1. (B) Surface 

representation of MDM2 colored by per-residue decomposition energy with compound 15. 
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Decomposition energies for small molecules (7 to 16) were carried out to gain insight into 

their binding to hot spots on MDM2 (Fig. 2.6A). Three hot spots that were found to be strongly 

engaged by p53 bind strongly to most compounds, namely Leu-54, Ile-61, and Val-93. It is worth 

noting, however, that Ile-61 interacts with compounds worse than the native p53 protein. Two of 

the hot spots that are strongly engaged by p53 did not bind to compounds 7-16. For example, p53 

binds to Met-50 and Tyr-100 with decomposition energies of -2.68 ± 0.03 and -4.85 ± 0.05 

kcal·mol-1, respectively. Yet, the magnitude of the interaction energies of the compounds to these 

hot spots is nearly consistently below 1 kcal·mol-1. It is interesting to note that p53 strongly binds 

to Tyr-100 with a decomposition energy of -4.85 ± 0.05 kcal·mol-1. Some compounds, like the most 

potent inhibitor, namely 15, revealed unique interactions not present in others. The compound binds 

very strongly to Lys-94 and His-96 with decomposition energies absolute values greater than 3 

kcal·mol-1. Like the p53 peptide, compounds 7-16 show strong interactions to Leu-54 and Val-93, 

and weaker binding to Leu-57, Gly-58, Ile-61, Met-62, His-96, and Ile-99. The majority fail to 

mimic the interaction energies of p53 at Tyr-67, Gln-72, His-73, Arg-97, Tyr-100, and Tyr-104. 

Compound 15 (AM-8553), shown in Fig. 2.6B, binds to MDM2 with an affinity of 0.4 nM 

[72]. One of the chlorobenzenes of 15 occupies p53ôs Leu-26 pocket and forms a ˊ-ˊ interaction 

with the imidazole of His-96. The carboxylic acid of 15 forms a salt bridge with Lys-94 and a 

hydrogen bond with His-96. The interactions between the compound and Lys-94 and His-96 on 

MDM2 is reflected in the favorable -3 kcal·mol-1 interaction decomposition energies. These two 

interactions are absent in the other (weaker) compounds. The other chlorobenzene group mimics 

the six-membered ring of the indole of p53ôs Trp-23. The hydroxyl group points away from the 

positively charged Glu-69, thereby allowing the nearby ethyl group to occupy p53ôs Phe-19 pocket 

and engage MDM2ôs Gly-58, Ile-61, and Met-62. Replacement of the hydroxyl group of 15 with a 

sulfone resulted in a 10-fold improvement in Kd [104]. By mimicking both Trp-23 and Leu-26 on 

p53, compounds engage favorably with Leu-54 and Ile-99. Similarly, mimicking both Phe-19 and 

Trp-23 on p53 engages Ile-61 and Val-93 on the receptor. In sum, it appears that the MDM2 

antagonists have been designed to mimic hot spots of p53. 

2.2.6 XIAPÅSmac. The E3 ubiquitin-protein ligase XIAP is a member of the Inhibitor of 

Apoptosis Proteins (IAP) family, which suppresses apoptotic cell death pathways through the 

inhibition of caspases [105, 106]. Smac/DIABLO binding at the protein-protein interface on the 

BIR3 domain of XIAP interferes with XIAP inhibition of CASP9 [74, 107]. A short AVPI-peptide 

at the N-terminal of Smac forms the interface at the dimer structure between the protein and the 

BIR3 domain of XIAP (Fig. 2.7A). Mutation of any of the first four residues of the Smac peptide 

resulted in greater than 100-fold decrease in binding affinity of the BIR3 of XIAP [74, 108]. On 
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XIAP, mutations at Asp-296, Leu-307, Trp-310, Glu-314, and Trp-323 greatly decreased the 

binding affinity of Smac, while mutations at Asp-315, Glu-318, His-343, and Gln-319 had little to 

no effect [74]. Although mutation of His-343 had little effect on Smac binding, in vitro inhibition 

of caspase-9 was completely abrogated [74]. 

On XIAP, mutations to alanine at Arg-258, Leu-307, Trp-310, Glu-314, Trp-323, and Tyr-

324 resulted in more than 1.5 kcal·mol-1 change in free energy and are considered hot spots (Fig. 

2.7B). We also carried out decomposition analysis to explore whether Smac binds strongly to hot 

spots. We found that Arg-258, Leu-307, Thr-308, Glu-314, and Trp-323 contributed more than 2 

kcal·mol-1 to the interaction energy with Smac while Gly-306, Asp-309, and Trp-310 bound more 

weakly to Smac with approximately 1 kcal·mol-1in the energy decomposition (Fig. 2.7C). In the 

XIAPÅSmac dimer, Arg-258 forms a salt bridge with Glu-9 on Smac. However, iterative truncation 

of the first nine residues of the Smac peptide down to the first five residues did not affect the binding 

affinity to the BIR3 domain of XIAP [74]. Therefore, it is unlikely that Arg-258 is critical to 

XIAPÅSmac binding and inhibition. Gly-306 and Thr-308 are native lysine residues in the BIR2 

domain of XIAP, and may account for the differences in binding affinity between the BIR2 and 

BIR3 domains [74]. While Gly-306 cannot be tested through alanine scanning, computational 

mutation of Thr-308 to alanine resulted in negligible change in the binding free energy and are not 

considered hot spots. 

Decomposition energies were determined for 17-23 to compare with interaction energies 

of the Smac native ligand (Fig. 2.8A). Among the six hot spots that we found on XIAP (Arg-258, 

Leu-307, Trp-310, Glu-314, Trp-323, and Tyr-324), three interact strongly with the compounds, 

namely Leu-307, Glu-314 and Trp-323. These three amino acids show the tightest binding to both 

Smac and compounds. Trp-310 binds to Smac with a decomposition energy of -1.53 ± 0.01 

kcal·mol-1, which is relatively weak. However, most compounds interact with this residue as 

strongly as Smac, except for 18, which interestingly is one of the weaker compounds with an 

experimental binding affinity of -6.2 kcal·mol-1. Arg-258 and Tyr-324 are hot spots that do not bind 

to any of the compounds, even though Arg-258 shows very strong interaction to Smac. Further 

inspection of the data reveals Thr-308 binds strongly to all compounds as evidenced by 

decomposition energies that are on average -5 kcal·mol-1. Asp-309 was not as critical to the binding 

since two of the most potent inhibitors, namely 17 and 23, do not engage this residue with high 

affinity.  
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Figure 2.7. XIAPÅSmac. (A) The protein complex of XIAP and Smac/DIABLO. XIAP is shown 

in surface and colored by hydrophobicity, with more hydrophobic residues in brown and more 

hydrophilic residues in green. Smac is shown in cyan and represented in cartoon with side chains 

in stick. (B) Surface representation of XIAP, where residues at the interface on XIAP are colored 

based on the change in free energy after mutating the residue to alanine. (C) Surface representation 

of XIAP colored by per-residue decomposition energy with Smac.  
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Figure 2.8. XIAPÅSmac comparison with inhibitors. (A) Residues on XIAP at the interface of the 

protein-protein interaction. On the left, residues are color-coded based on experimental 

mutagenesis studies. Known hot spots residues are highlighted in green and residues that are not 

hot spots are highlighted in orange. The first two columns show alanine scanning and per-residue 

decomposition at the specific residue in the protein-protein complex, respectively. The third to last 

column show the per-residue decomposition of at the specific residue for each co-crystallized 

inhibitor. Alanine scanning and per-residue decomposition energies are color-coded per the scales 

in Fig. 2.7B and Fig. 2.7C, respectively. Experimental æG are shown in the first row for each 

complex. Numbers are shown in kcal·mol-1. (B) Surface representation of XIAP colored by per-

residue decomposition energy with compound 19.  
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In the protein-protein complex, the bulk of the contribution at Glu-314 is from electrostatic 

interactions with the N-terminal Ala-1 residue of the Smac peptide. Among the compounds, there 

is a common amine moiety that replicates this interaction. The binding mode of 19 is shown in Fig. 

2.8B. Compounds 19-21 differ only by a hydroxymethyl, methylamine, and ethylamine substituent 

on the seven-membered ring, respectively. This results in an approximately 1.1 kcal·mol-1 stronger 

interaction with Asp-309 on XIAP. While, the residue is not critical to Smac binding, and the Kd 

and IC50 of 20 is about four-fold weaker than the other two compounds. The fused cycloheptane 

and pyrrolidine ring mimic the side chains of Val-2 and Pro-3 of the Smac peptide, respectively. 

The fused ring also serves to bury the hydrophobic Leu-307 and Trp-323 residues. The final critical 

residue of the Smac peptide, Ile-4, is mimicked by one of the two benzene rings of the compound. 

While not hot spots, the compound is stabilized by hydrogen bonds between the backbone of Gly-

306 with the acetylamide by the two benzene rings of the compound and Thr-308 with the 

aminobutanamide substituent of the fused ring. The two micromolar compounds, 18 and 21, fail to 

mimic Val-2 and Ile-4 of the Smac peptide, respectively. 

2.2.7 IL -2ÅIL-2RŬ. IL-2 is produced after antigen activation during an immune response 

and binds to a combination of Ŭ-, ɓ-, and ɔ- IL-2 receptors [109]. While each receptor subunit can 

bind to IL-2 at varying affinities, ranging from approximately 10 nM for the Ŭ-subunit to about 0.7 

mM for the ɔ subunit, the tetramer complex is approximately 5 pM [48]. Here, we explore the 

heterodimeric interface between IL-2 and its Ŭ-subunit (Fig. 2.9A). Site directed mutagenesis and 

other hot spot identification techniques have identified Lys-35, Arg-38, Phe-42, Lys-43, Tyr-45, 

Glu-62, and Leu-72 as critical residues on IL-2 at the interface [110-112]. Comparative 

mutagenesis of IL-2 with both the Ŭ-subunit and compound 27 showed that Phe-42, Tyr-45, and 

Glu-62 were critical for binding, while mutations Met-39, Thr-41, Lys-43, Phe-44, and Leu-72 

showed moderate disruption in binding affinity of subunit binding [84]. However, mutations at 

Lys-35 and Arg-38 showed less than 5-fold change in binding affinity and mutations at Pro-65 and 

Val-69 were negligible [84]. 

Both the alanine scanning (Fig. 2.9B) and residue decomposition (Fig. 2.9C) analyses of 

the IL-2ÅIL-2RŬ largely replicate the experimental mutagenesis of interface residues. Residues that 

contribute more than 2 kcal·mol-1 to the binding affinity in the residue decomposition include Lys-

35, Arg-38, Phe-42, Lys-43, Tyr-45, Glu-62, and Pro-65. Along with these residues, Phe-44 and 

Glu-61 are hot-spots residues from the alanine scanning that resulted in greater than 1.5 kcal·mol-

1 difference in binding affinity when computationally mutated. Despite the nearly 3-fold decrease 

in binding affinity from experimentally mutating Arg-38, the residue contributes about -9 kcal·mol-

1 to the decomposition and approximately 9.5 kcal·mol-1 change in free energy upon computational 
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mutation to alanine. In the complex, Arg-38, along with Lys-35 and Lys-43 are among a set of 

positively charged residues that interacts with a set of negatively charged residues on the Ŭ-subunit. 

Decomposition energies for compounds 24-27 were determined to compare their 

interaction to IL-2ÅIL-2RŬ. Among the nine hot spots that were identified from our alanine scan, 

six of them engage compounds very strongly, namely Lys-35, Arg-38, Phe-42, Lys-43, Glu-62, and 

Leu-72. However, only four of these hot spots bind strongly to most compounds, namely Arg-38, 

Phe-42, Lys-43, and Glu-62. Lys-35 only binds to 26 with decomposition energy that is less than 2 

kcal·mol-1 in magnitude, although this is still weaker than the residueôs binding to IL-2RŬ. It is 

interesting to note that compound 26 is the most potent inhibitor. Arg-38 shows substantial binding 

to IL-2RŬ and engages compounds with favorable decomposition energies around -2 kcal·mol-1. 

These interactions remain substantially lower than the very strong interaction between Arg-38 and 

IL-2RŬ. One residue, namely Leu-72, shows relatively high affinity to most compounds, yet the 

residue was not found to be a hot spot in our alanine scan. Two hot spots, Tyr-45 and Phe-44 show 

weak interaction with the compounds. In the case of Phe-44, even IL-2RŬ binds weakly to the 

residue. 

Compounds 24-27 interact with major hot spots on IL-2 in a similar manner to IL-2RŬ 

(Fig. 2.10A). Compared to the native subunit, the antagonists show similar interactions at Arg-38, 

Phe-42, Lys-43, Glu-62, and Leu-72, and weaker interaction energies at Lys-35, Tyr-45, and Pro-

65. A common imine group mimics Arg-36 on the subunit and forms hydrogen bonds with the side 

chain of Glu-62. Another common carbonyl forms hydrogen bonds with the Lys-43 hot spot to 

stabilize the compound. At the opposite end of the compound, aromatic rings form salt bridges with 

Arg-38. The orientation on the hot spot Phe-42 side chain points down into the binding pocket 

when bound to the antagonists but points out when bound to the native Ŭ-subunit. The 

conformational change at this residue flattens the interface, allowing the compounds to adopt their 

respective binding modes. Compounds 25-27 are analogs with a common binding mode (26 is 

shown in Fig. 2.10B). Compounds 26 and 27 feature additional substituents compared to their 

analogs 23 and 25. Extending the core structures and adding carboxylic acid and amide moieties in 

27 and 28, respectively, allow the compounds to mimic Asp-4 on the native ligand and interact 

with the Lys-35 hot spot on IL-2. A ˊ-cation interaction between Tyr-45 on IL-2 and Arg-35 on the 

native ligand is not seen in any of the compounds. A cyclohexane in 25 and isobutyl groups in 26 

and 27 form weak contacts with Tyr-45, but the decomposition energy is less favorable than -1.3 

kcal·mol-1.  
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Figure 2.9. IL-2ÅIL-2RŬ. (A) The protein complex of IL-2 and IL-2RŬ. IL-2 is shown in surface 

and colored by hydrophobicity, with more hydrophobic residues in brown and more hydrophilic 

residues in green. IL-2RŬ is shown in cyan and represented in cartoon with side chains in stick. (B) 

Surface representation of IL-2, where residues at the interface on MDM2 are colored based on the 

change in free energy after mutating the residue to alanine. (C) Surface representation of IL-2 

colored by per-residue decomposition energy with IL-2RŬ.  
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Figure 2.10. IL-2ÅIL-2RŬ comparison with inhibitors. (A) Residues on IL-2 at the interface of the 

protein-protein interaction. On the left, residues are color-coded based on experimental 

mutagenesis studies. Known hot spots residues are highlighted in green and residues that are not 

hot spots are highlighted in orange. Mutations that do not greatly impact the interaction are 

highlighted in yellow. The first two columns show alanine scanning and per-residue decomposition 

at the specific residue in the protein-protein complex, respectively. The third to last column show 

the per-residue decomposition of at the specific residue for each co-crystallized inhibitor. Alanine 

scanning and per-residue decomposition energies are color-coded per the scales in Fig. 2.9B and 

Fig. 2.9C, respectively. Experimental æG are shown in the first row for each complex. Numbers 

are shown in kcal·mol-1. (B) Surface representation of IL-2 colored by per-residue decomposition 

energy with compound 26.  
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2.2.8 BRD4ÅH4. The second primary interaction involves a prototypical member of the 

bromodomain family, BRD4, and an acetylated histone tail. The family contains 61 bromodomains 

on 46 proteins that affect post-translational modification by reading the acetylated lysines of 

epigenetic markers [113, 114]. The structure contains two acetylated lysine residues at Lys-5 and 

Lys-8 buried deep into a hydrophobic pocket on the first bromodomain of BRD4 (Fig. 2.11A). 

Alanine scanning of a tetra-acetylated H4 peptide revealed that residues immediately flanking the 

first two acetylated sites, Lys-5(ac) and Lys-8(ac), were critical (i.e. Gly-4, Gly-6, Gly-9, and Leu-

10) [85]. On the interface between BRD4 and Lys-5(ac) and Lys-8(ac) H4, mutations at Trp-81, 

Leu-94, Tyr-97, Asn-140, Asp-145, and Met-149 resulted in approximately ten-fold reduction in 

binding activity, while mutations at Pro-82, Tyr-139, Asp-144, and Ile-146 resulted in 

approximately two-fold reduction in binding activity [85]. 

In the computational alanine scan, we identify several residues as potential hot spots (Fig. 

2.11B). These include Phe-79, Val-87, Leu-94, Asp-96, Tyr-139, Asn-140, Lys-141, Asp-144, 

Asp-145, Ile-146, and Met-149. While mutation of Ile-146 only reduced binding activity of the 

double acetylated peptide by two-fold, the residue contacts both acetylated residues in the complex 

and contributes significantly to both histone and compound interactions. In the residue 

decomposition, we identify the trio of Tyr-139, Asn-140, and Ile-105 contributing more than 2 

kcal·mol-1 to the interaction between BRD4 and double acetylated H4 (Fig. 2.11C). Although Trp-

81 was identified as a critical residue, it only contributes approximately 0.76 kcal·mol-1 in both the 

residue decomposition and alanine scanning. In the crystal structure, the residue is solvent exposed 

and shields Lys-8(ac) from the solvent. 

Decomposition energies for compounds 28-36 reveal that most hot spots on BRD4 do not 

effectively engage the bound small molecules. For example, Phe-79, Asp-96, Tyr-139, Asp-144, 

Asp-145, and Met-149 show no interaction with the compounds. In fact, Asp-96 and Tyr-139 

appear to be critical for H4 binding to BRD4 as evidenced by the loss of more than 8 kcal·mol-1 

upon their mutation to alanine. Inspection of Fig. 2.11A shows that these residues are located 

outside the binding pocket that is occupied by the BRD4 antagonists. Compound substituent that 

bind outside the binding pocket occupy sites that contain Trp-81 and Ile-146, both of which do not 

contribute as much to H4 binding as Asp-96 and Tyr-139. Several amino acids that are not hot spots 

showed strong binding to compounds. Pro-82 binds to compounds 33 and 36 with decomposition 

energies that are more favorable than -2 kcal·mol-1. Another example is Leu-92, which showed a 

penalty of 1.44 ± 0.49 kcal·mol-1 upon mutation to alanine and engaged most compounds with 

decomposition energies that are less than -2 kcal·mol-1.  
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Figure 2.11. BRD4ÅH4. (A) The protein complex of BRD4 and H4 peptide. BRD4 is shown in 

surface and colored by hydrophobicity, with more hydrophobic residues in brown and more 

hydrophilic residues in green. The H4 peptide is shown in cyan and represented in cartoon with 

side chains in stick. (B) Surface representation of BRD4, where residues at the interface on BRD4 

are colored based on the change in free energy after mutating the residue to alanine. (C) Surface 

representation of BRD4 colored by per-residue decomposition energy with H4.  
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Figure 2.12. BRD4ÅH4 comparison with inhibitors. (A) Residues on BRD4 at the interface of the 

protein-protein interaction. On the left, residues are color-coded based on experimental 

mutagenesis studies. Known hot spots residues are highlighted in green. Mutations that do not 

greatly impact the interaction are highlighted in yellow. The first two columns show alanine 

scanning and per-residue decomposition at the specific residue in the protein-protein complex, 

respectively. The third to last column show the per-residue decomposition of at the specific residue 

for each co-crystallized inhibitor. Alanine scanning and per-residue decomposition energies are 

color-coded per the scales in Fig. 2.11B and Fig. 2.11C, respectively. Experimental æG are shown 

in the first row for each complex. Numbers are shown in kcal·mol-1. (B) Surface representation of 

BRD4 colored by per-residue decomposition energy with compound 29.  
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Compounds 28-36 do not appear to engage the hot spots of BRD4 as strongly as inhibitors 

of the other protein-protein interactions considered in this work (Fig. 2.12A). Compounds 28-32 

and 34 share a common core structure and binding mode. One example is the interaction between 

29 (JQ1) and BRD4, which consists primarily of hydrophobic contacts and van der Waals 

interactions (Fig. 2.12B). A triazole ring on 29 forms a hydrogen bond with the Asn-140 hot spot, 

mimicking Lys-5(ac). The chlorobenzene ring of the compound occupies the pocket formed by 

Lys-8(ac). The t-butyl acetate moiety in 29 is replaced by different moieties in the other analogs 

and extends out of the pocket into solution. In 28, the phenyl substituent forms a ˊ-ˊ interaction 

with Leu-92, a non-hot-spot residue. Compound 34 differs by replacing the t-butyl group with a 

methyl, thereby exposing less of the compound into solution and reducing the compoundôs binding 

affinity by approximately 13 nM and IC50 by more than 50 percent. Despite decreasing the size of 

this moiety, there is no observable effect on the energy decomposition of these two compounds. 

While the residue is more distant from Lys-8(ac) in the peptide, the residue serves to lodge the three 

fused rings of the compounds in the binding pocket. 

2.2.9 Mimicking Hot Spots on the Protein Ligand. Following our extensive study of 

small-molecule binding to receptor hot spots, we wondered how effectively existing small-

molecule protein-protein interaction inhibitors mimic the position of hot spots on the ligand protein 

of the complexes considered in this work. To explore compound overlap with protein ligand hot 

spots, we resorted to pharmacophore modeling. Hot-spot residues located on the ligand protein 

were identified from the literature for the Bcl-xLÅBak, MDM2Åp53, XIAPÅSmac, and BRD4ÅH4 

complexes. For IL-2ÅIL-2RŬ, we could not identify a set of experimental hot-spot residues on the 

Ŭ-subunit; we selected all residues on IL-2RŬ at the interaction interface for the pharmacophore 

modeling. Pharmacophore hypotheses were generated to summarize the physiochemical properties 

of hot-spot residue on the protein ligand using Schrödinger Phase [115, 116]. 

The overlap between compounds and hot spots on the protein ligand is system specific. For 

example, moieties on the inhibitors of the MDM2Åp53 and XIAPÅSmac interactions showed the 

most significant overlap with protein ligand hot spots. Small-molecule inhibitors of Bcl-xLÅBak, 

IL-2ÅIL-2RŬ, and BRD4ÅH4 showed the lowest degree of overlap. For Bcl-xLÅBak, compounds 

overlap primarily with Leu-78 and Ile-85, while showing no detected overlap with the other four 

hot-spot residues, Val-74, Arg-76, Ile-81, and Asp-83 (Fig. 2.13). Compounds 2, 3 and 6 have 

moieties that mimic the hydrophobic side chain of Leu-78 on the Bak peptide while compounds 1-

4 mimic the hydrophobic moiety of Ile-85 on the Bak peptide. On the MDM2Åp53 complex, small 

molecules showed excellent overlap with all three of the hot-spot residues on p53, namely Phe-19, 

Trp-23, and Leu-26 (Fig. 2.14). Compounds on MDM2Åp53 antagonists mimic the indole of Trp-
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23 with similar indole or benzenes rings. The aromatic ring of Phe-19 is generally occupied by 

hydrophobic aliphatic moieties on the compounds (7, 11, 12, 14, 15, and 16), while aromatic groups 

on the compounds were introduced to mimic the hydrophobic side chain of Leu-26. Like 

MDM2Åp53, small-molecule inhibitors of XIAPÅSmac showed significant overlap with side chains 

of the Smac ligand. There are four hot spots residues at the N-terminal region of Smac (Fig. 2.15). 

Val-2, Pro-3, and Ile-4 all have hydrophobic pharmacophore features on their side chains. Most of 

the XIAPÅSmac inhibitors we have considered in this study contain moieties that overlap with and 

mimic the side chains of these residues. The exceptions are compounds 18 and 23 overlapping with 

Val-2 and compound 22 overlapping with Ile-4. For IL-2ÅIL-2RŬ, there was remarkably little 

overlap between inhibitors of this interactions and hot spots located on IL-2RŬ. There are 10 

residues on the Ŭ-subunit at the IL-2ÅIL-2RŬ interface (Fig. 2.16). All the compounds for this 

interaction have an amine group that mimics the positive charge on Arg-36. Finally, BRD4ÅH4 

interaction antagonists mimicked the two acetylated lysine residues (Fig. 2.17). Compounds 32, 

33, 35, and 36 mimic the hydrophobic pharmacophore feature on Lys-5(ac), while compounds 28, 

29, 33, and 34 mimic the hydrophobic pharmacophore feature on Lys-8(ac). 
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Figure 2.13. Hot-spot residues on the protein ligand Bak and overlap with inhibitors in Bcl-

xLÅBak. (A) The pharmacophore model of the protein-protein interaction complex. The 

pharmacophore features for each protein ligand are shown as small colored spheres: Hydrophobic 

(H, green), positive charge (P, dark blue), and negative charge (N, red). Tolerances are shown in 

transparent gray spheres around the pharmacophore centers. (B) The hot-spot residues on the 

protein ligand are shown with associated pharmacophore features for that residue. For each 

compound (shown column-wise), if a chemical moiety matches the associated pharmacophore 

feature at that residue, the box is colored blue.  



44 

 

Figure 2.14. Hot-spot residues on the protein ligand p53 and overlap with inhibitors in MDM2Åp53. 

(A) The pharmacophore model of the protein-protein interaction complex. The pharmacophore 

features for each protein ligand are shown as small colored spheres: Hydrogen bond donor (D, light 

blue), hydrophobic (H, green), and aromatic ring (R, tan). Tolerances are shown in transparent gray 

spheres around the pharmacophore centers. (B) The hot-spot residues on the protein ligand are 

shown with associated pharmacophore features for that residue. For each compound (shown 

column-wise), if a chemical moiety matches the associated pharmacophore feature at that residue, 

the box is colored blue.  
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Figure 2.15. Hot-spot residues on the protein ligand Smac and overlap with inhibitors in 

XIAPÅSmac. (A) The pharmacophore model of the protein-protein interaction complex. The 

pharmacophore features for each protein ligand are shown as small colored spheres: Hydrophobic 

(H, green). Tolerances are shown in transparent gray spheres around the pharmacophore centers. 

(B) The hot-spot residues on the protein ligand are shown with associated pharmacophore features 

for that residue. Alanine residues had no pharmacophore features that could be considered and were 

left blank. For each compound (shown column-wise), if a chemical moiety matches the associated 

pharmacophore feature at that residue, the box is colored blue.  



46 

 

Figure 2.16. Hot-spot residues on the protein ligand IL-2RŬ and overlap with inhibitors in IL-2ÅIL-

2RŬ. (A) The pharmacophore model of the protein-protein interaction complex. The 

pharmacophore features for each protein ligand are shown as small colored spheres: Hydrogen 

bond acceptor (A; red), hydrogen bond donor (D, light blue), hydrophobic (H, green), positive 

charge (P, dark blue), negative charge (N, red), and aromatic ring (R, tan). Tolerances are shown 

in transparent gray spheres around the pharmacophore centers. (B) The hot-spot residues on the 

protein ligand are shown with associated pharmacophore features for that residue. Cysteine residues 

had no pharmacophore features that could be considered and were left blank. For each compound 

(shown column-wise), if a chemical moiety matches the associated pharmacophore feature at that 

residue, the box is colored blue.  
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Figure 2.17. Hot-spot residues on the protein ligand H4 and overlap with inhibitors in BRD4ÅH4. 

(A) The pharmacophore model of the protein-protein interaction complex. The pharmacophore 

features for each protein ligand are shown as small colored spheres: Hydrogen bond donor (D, light 

blue) and hydrophobic (H, green). Tolerances are shown in transparent gray spheres around the 

pharmacophore centers. (B) The hot-spot residues on the protein ligand are shown with associated 

pharmacophore features for that residue. Glycine residues had no pharmacophore features that 

could be considered and were left blank. For each compound (shown column-wise), if a chemical 

moiety matches the associated pharmacophore feature at that residue, the box is colored blue.  
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Figure 2.18. Similarity in the dynamics of inhibitors with the native ligand on the protein receptor. 

(A-E) Dynamic cross-correlation matrices (DCCM) were generated for the protein-protein and 

protein-inhibitor complexes. At each residue, the Pearson correlation coefficient between the cross-

correlation of the protein-protein and protein-compound for (A) Bcl-xLÅBak, (B) MDM2Åp53, (C) 

XIAPÅSmac, (D) IL-2ÅIL-2RŬ, and (E) BRD4ÅH4. A positive correlation at a residue indicates that 

the residue on the protein receptor in the protein-protein and protein-compound complexes are 

moving in a similar manner, while a negative correlation indicates that the residue is moving in an 

opposite manner between the protein-protein and protein-compound complexes. Residues at the 

protein-protein interaction interface on the protein receptor are shown as red squares at the bottom 

of each panel.  
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2.2.10 Effect of Native Protein Ligand and Small-Molecule Inhibitors on Receptor 

Dynamics. A question of interest is whether small-molecule inhibitors mimic the effect of the 

native ligand protein on the dynamics of the receptor. We compared the dynamics of the native 

ligand and each of the inhibitors using dynamic cross-correlation matrices (DCCM) [117]. A 

dynamic cross-correlated matrix measures the correlation of motion between each residue or ligand 

with every other residue or ligand in the complex. A correlation coefficient of 1 means that the 

residues are moving in the same direction, while -1 corresponds to two residues that are moving 

away from each other. We determine the similarity between the correlated motions between the 

native ligand and inhibitors for every residue on the protein receptor. Generally, the dynamical 

motion of residues on hot spots of the protein receptor is correlated between protein-protein and 

protein-compound complexes (Fig. 2.18). 

The mean correlations are highest in MDM2Åp53 and BRD4ÅH4, with mean correlations 

of 0.95 ± 0.04 and 0.87 ± 0.00, respectively. These are the two systems that overlap with both the 

greatest number and percentage of hot spots on the ligand. These are followed by XIAPÅSmac, Bcl-

xLÅBak, IL-2ÅIL-2RŬ, with mean correlations of 0.50 Ñ 0.01, 0.46 Ñ 0.01, 0.31 Ñ 0.01, respectively. 

Similarly, compounds of the XIAPÅSmac and Bcl-xLÅBak interactions overlap with one or two hot 

spots in their respectively interactions, while compounds of IL-2ÅIL-2RŬ only overlap with a single 

hot spot. There is a significant difference in the correlations between residues at the interaction 

interfaces and residues outside of the interface (Bcl-xLÅBak, Mann-Whitney rank-sum test, p = 

1.55 × 10-5; MDM2Åp53, Mann-Whitney rank-sum test, p = 4.81 × 10-6; XIAPÅSmac, Mann-

Whitney rank-sum test, p = 1.76 × 10-6; IL-2ÅIL-2RŬ, Studentôs t-test, p = 6.38 × 10-15; BRD4ÅH4, 

Mann-Whitney rank-sum test, p = 5.41 × 10-29). 

 

2.3 DISCUSSION 

We carried out extensive molecular dynamics simulations followed by end-point free 

energy calculations of protein-protein and protein-compound complexes. The goal was to 

characterize how effectively existing small molecules that inhibit protein-protein interactions 

mimic the binding of the protein ligand to the receptor. We selected five protein-protein interactions 

for which small-molecule inhibitors have been developed and co-crystalized with their target. The 

five protein-protein interactions fall into three categories, namely primary (BRD4ÅH4 and 

XIAPÅSmac), secondary (MDM2Åp53 and Bcl-xLÅBak), and tertiary (IL-2ÅIL-2RŬ). A total of 36 

compounds were considered. The compounds range in binding affinity and physicochemical 

properties. In most cases, the compound ligand efficiencies were below what is generally accepted 

as drug-like, namely 0.3. The only exceptions were the BRD4 antagonists. This is attributed to the 
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fact that large compounds had to be prepared to disrupt the protein-protein interactions, particularly 

for the tighter interactions. 

In addition to computational alanine scanning, we carried out decomposition energy 

calculations. The interaction energy of compounds with individual amino acids is determined using 

a similar approach to MM-GBSA, except that only atoms on the ligand and a single residue are 

included. Unlike alanine scanning, these calculations do not require a mutation and therefore the 

effect on the interaction of the compound with the protein is not affected by the absence of the 

residue. One can imagine that mutation of an amino acid with a side chain that plays a critical role 

in the structural integrity of the protein could lead to changes to the stability of the protein that may 

introduce changes to the free energy of binding of a small molecule that are unrelated to the protein-

compound interaction. While in general we see a good correlation between ææGMM-GBSA
AlaScan and 

æEGBTOT
Decomp

, there were, for each case, several exceptions. Several residues were predicted to be hot 

spots, yet the intermolecular decomposition of the native peptide to the residue was not very strong. 

This includes Phe-146 for the Bcl-xLÅBak, Trp-310 for XIAPÅSmac, and Phe-79, Val-87, Leu-94, 

Asp-96, Lys-141, and Asp-145 for BRD4ÅH4. The weaker decomposition energy interaction 

energy can be attributed to the fact that the contribution of these residues to binding involves 

entropy factors that are not considered in the decomposition energy calculations. Conversely, we 

found several examples of native protein ligands that strongly engaged residues that were not found 

to be hot spots in the alanine scan. Examples include Val-126 on Bcl-xL, Thr-26 and Lys-51 on 

MDM2, and Thr-308 on XIAP. Interaction of small molecules with residues that are not considered 

hot spots provides an opportunity to design compounds with greater specificity. 

Computational alanine scanning and decomposition energy calculations were carried out 

for each protein-protein complex, and decomposition energies were calculated for each protein-

protein and protein-compound complex. Overall inspection of these color-coded maps reveals that 

small molecules strongly engage a set of hot spots on the receptor. These include Phe-97, Leu-130, 

and Arg-139 in Bcl-xLÅBak, Leu-54 and Val-93 in MDM2Åp53, Leu-307, Glu-314, and Trp-323 in 

XIAPÅSmac, Phe-42, Lys-43, and Glu-62 in IL-2ÅIL-2RŬ, and Ile-146 in BRD4ÅH4. More notable, 

however, was the number of predicted hot spots that were not engaged by small-molecule 

inhibitors. These include Arg-100 and Glu-129 in Bcl-xLÅBak, Met-50 and Tyr-100 in MDM2Åp53, 

Trp-310 and Tyr-324 in XIAPÅSmac, Tyr-45 and Pro-65 in IL-2ÅIL-2RŬ, and Asp-98, Tyr-139, 

Lys-141, Asp-144, Asp-145, and Met-149 in BRD4ÅH4. The lack of engagement of these hot spots 

on Bcl-xL, MDM2, and BRD4 are examples of residues further outside the binding pocket, which 

may provide additional opportunities for the design of inhibitors.  




