
 

 

ABSTRACT 

VAN DEN DRIESSCHE, GEORGE A. Cheminformatics Approaches to Model HLA-Mediated 

Adverse Drug Reactions, Challenging Protein-Ligand Complexes, and Large Series of Chemical 

Dyes. (Under the Direction of Dr. Denis Fourches). 

 

 Cheminformatics applies a combination of mathematics, informatics, machine learning, 

and other computational technologies to solving chemical problems. Ultimately, the goal of 

cheminformatics is to provide insight and guidance for experimental design that improves the 

desired properties of a molecule (such as drug binding potency) and eliminates undesired 

properties (such as toxicity). However, the development of accurate and reliable cheminformatic 

models is extremely difficult when there is limited experimental data for model development, as 

is the case with predicting adverse drug reactions (ADR).  

An ADR occurs anytime a patient, who is administered a drug, suffers a severe and 

harmful reaction to that drug; these events occur through a variety of pathways and are usually 

not observed until wide-spread population use. One type of ADR, known as idiosyncratic ADRs, 

occurs through immune-cell activation by binding with the human leukocyte antigen (HLA) 

protein. Though the occurrence of HLA-mediated ADRs are well documented, the specific drug 

binding relationship with HLA is not well understood and, to date, there is only one example of a 

fully solved HLA-drug binding mode: HLA-B*57:01 with the small molecule drug abacavir. 

Herein, using three X-ray crystal structures of HLA-B*57:01 in complex with abacavir and three 

unique co-binding peptides, we have analyzed, for the first time, the exact molecular interactions 

formed by the drug with HLA variant and co-binding peptide. Our goal is to develop a virtual 

screening platform based on molecular docking.  

We began by testing molecular docking’s capabilities for modeling complex tripartite 

HLA-drug-peptide systems by exploring native versus predicted interactions between HLA-

B*57:01, abacavir, and co-binding peptide. Using the Schrödinger Suite’s Glide docking 

software, we docked abacavir with three X-ray crystal structures and co-binding peptides (PDB: 

3VRI, 3VRJ, 3UPR); these docking results revealed that the co-binding peptide provides ~2 

kcal/mol of stabilization for bound abacavir.  

Using these new insights, we began developing a three-tiered peptide dependent virtual 

screening protocol for predicting a drug’s likelihood of binding to the HLA-B*57:01 variant 

(carried by 7% of Caucasians and 3% of African-Americans). This screening protocol was used 



 

 

to screen the whole DrugBank database, which at the time of this study contained over 7,000 

withdrawn, approved, illicit, and experimental drugs. Virtual screening of DrugBank resulted in 

the identification of 22 potential HLA-B*57:01 binders that were predicted as active for all three 

peptides. Recently, Metushi et al. had attempted to screen the ZINC database of drug-like 

molecules and predicted seven compounds as HLA-B*57:01 liable, but were experimentally 

determined to be non-binders except for acyclovir. Therefore, we applied our model to these 

same seven compounds and explored the time-dependent relationship of abacavir and acyclovir 

with peptide P3 (PDB: 3UPR) using molecular dynamic simulations. 

Next, a panoramic virtual screening platform was developed for HLA, pan-HLA. Six 

evolutionary diverse HLA variants were selected through a phylogeny analysis of Protein 

Databank deposited HLA crystal structures. Drugbank was then docked against five pan-HLA 

variants and 72 drugs were predicted active.   

 Another unique opportunity for cheminformatics is the characterization, exploration and 

analysis of large libraries of molecules. We have assisted in the development of the hair dye 

substance database (HDSD). As the HDSD contains over 300 synthetic organic dyes, we 

clustered this library to discriminate precursors from temporary and permanent hair dyes. Indeed, 

hierarchical clustering identified C.I. Basic Orange 1 and 2 as dyes with high chemical similarity 

to precursors. These dyes were then used to perform a 2D-similarity search of the NC State 

Wilson College of Textiles Max Waver Dye Library (MWDL). The MWDL was donated to NC 

State by Eastman Chemical and contains over 98,000 organic-dyes. Ultimately, four MWDL 

dyes were identified as promising hair dye candidates.  
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CHAPTER 1: Introduction 

 Cheminformatics aims at developing and utilizing computational methods and techniques 

to solve chemical problems. These techniques started to emerge as early as the 1960’s as Hansch 

and Fujita developed the concept of quantitative structure-activity relationship (QSAR) modeling 

to predict the toxicity effects of different benzoic acid substituents.1 However, it was not until the 

late 1980’s and early 1990’s that computer-aided drug design (CAMD) entered mainstream 

research and became a common pharmaceutical research tool.2 For example, the lead compound 

for the antibiotic Norfloxacin (market entry 1984) was identified using QSAR. Similarly, the 

blockbuster drug, Losartan, was designed after performing an alignment between a lead-

compound and a peptide.2 Losartan was released to the market in 1995 for the treatment of 

hypertension.2 Nowadays, with modern advances in parallel processing, GPU acceleration, and 

increased computer memory, the barrier for incorporating modern cheminformatics techniques is 

lower than ever before. 

Cheminformatics methods, such as QSAR, 3D molecular docking, or pharmacophore 

modeling are capable of assisting researchers to better understand the mechanism(s) of action of 

bioactive chemicals and ultimately guide experimentalists in designing new compounds with the 

desired activities.3–5 There is a growing compendium of publications reporting on various 

applications of cheminformatics fueled by the rise of computing power of modern computers and 

the easier access to experimental data in the public domain. For instance, Ban et al.6 used a 

combination of QSAR and molecular docking to identify novel prostate cancer therapeutics 

targeting the androgen receptor. Combining these models with experimental testing resulted in 

165 novel DNA-binding domain AR inhibitors, some of these compounds are now advancing to 

clinical trials. Our group at NC State has recently demonstrated the validity and robustness of 

current cheminformatics-based models to assess the cellular toxicity of decorated carbon 

nanotubes7, to compute the absorption properties of amine solutions for CO2 storage,8 and 

predict glucose-1-phosphate uridylyltransferase (GalU) inhibitor potency and selectivity.9 Our 

group also proposed a new hybrid approach combining machine learning, 3D docking, and 

molecular dynamics simulations to better model and analyze the dynamic protein-ligand 

interactions. This new technique was proven extremely useful for characterizing ERK2 kinase 

inhibitors, especially when it comes to the dynamic ERK2-inhibitor interactions.10   
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This dissertation will explore how cheminformatics techniques can assist in modeling 

human leukocyte antigen (HLA) mediated adverse drug reactions (Section I, Chapters 2, 3, and 

4),11,12 extremely challenging protein targets, such as fatty acid binding protein 4 for a cancer 

drug delivery depot (Section II, Chapter 5), and can be employed to explore, model, and 

prioritize large chemical libraries of synthetic organic dyes (Section III, Chapters 6 and 7).13,14 

Lastly, future directions and perspectives for the field of cheminformatics will be discussed in 

Chapter 8.  
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CHAPTER 2 SUMMARY  

Background: Human leukocyte antigen (HLA) surface proteins are directly involved in 

idiosyncratic adverse drug reactions. Herein, we present a structure-based analysis of the 

common HLA-B*57:01 variant known to be responsible for several HLA-linked adverse effects 

such as the abacavir hypersensitivity syndrome.  

Method: First, we analyzed three X-ray crystal structures involving the HLA-B*57:01 

protein variant, the anti-HIV drug abacavir, and different co-binding peptides present in the 

antigen-binding cleft. We superimposed the three complexes and showed that abacavir had no 

significant conformational variation whatever the co-binding peptide. Second, we self-docked 

abacavir in the HLA-B*57:01 antigen binding cleft with and without peptide using Glide. Third, 

we docked a small test set of 13 drugs with known ADRs and suspected HLA associations.  

Results: In the presence of an endogenous co-binding peptide, we found a significant 

stabilization (~2 kcal/mol) of the docking scores and identified several modified abacavir-peptide 

interactions indicating that the peptide does play a role in stabilizing the HLA-abacavir complex. 

Next, our model was used to dock a test set of 13 drugs at HLA-B*57:01 and measured their 

predicted binding affinities. Drug-specific interactions were observed at the antigen-binding cleft 

and we were able to discriminate the compounds with known HLA-B*57:01 liability from 

inactives. 

Conclusions: Overall, our study highlights the relevance of molecular docking for 

evaluating and analyzing complex HLA-drug interactions. This is particularly important for 

virtual drug screening over thousands of HLA variants as other experimental techniques (e.g., in 

vitro HTS) and computational approaches (e.g., molecular dynamics) are more time consuming 

and expensive to conduct. As the attention for drugs’ HLA liability is on the rise, we believe this 

work participates in encouraging the use of molecular modeling for reliably studying and 

predicting HLA-drug interactions. 
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2.1. INTRODUCTION 

Certain patients develop harmful Adverse Drug Reactions (ADRs) after taking a 

medication .1 Unfortunately, these undesired reactions to a drug or its metabolite(s) can 

potentially be serious and even life threatening. According to the FDA Adverse Event Reporting 

System (FAERS), over one million cases of ADRs were observed in 2014 and this number is 

steadily increasing as reporting systems become more accessible to physicians .2 There are two 

main classifications of ADRs: Predictable ADRs occur due to the pharmacological activity of a 

drug or its metabolites, whereas idiosyncratic ADRs are primarily observed as an immune system 

response .3,4 The major biological pathway capable of triggering such idiosyncratic ADRs is 

activated by a drug’s direct binding with human leukocyte antigen (HLA) protein variants .4–6  

Class I HLA variants form protein complexes constituted by two main polypeptides and a 

short self-peptide .7 As the self-peptide is usually 8-10 residues long, the two polypeptides 

(approximately 270 residues) form the binding cleft and are also bound to β2-microglobulin (β2-

m, approximately 90-100 residues .7 Furthermore, the binding cleft can be subdivided into three 

α-subdomains that consists of two alpha helical regions (α1 and α2) and a third region (α3) that 

helps in stabilizing the HLA-protein to the cell surface (in addition to the stabilization from β2-

m) .7 A groove forms between the α1 and α2 subdomains that consists of alpha-helical walls and a 

β-pleated floor where “self” peptides can bind .7,8 In case of infection, pathogens (e.g., viral 

peptides) can bind to HLA instead of the self-peptides and ignite an immune reaction. Indeed, 

HLA serves as signaling proteins for T-cell activation through a variety of proposed mechanisms 

(e.g., hapten concept, super antigen interactions, pharmacological interactions, altered repertoire) 

.4,9 Overall, the general signaling mechanism involves an antigen (or a drug in the case of ADR) 

and/or a peptide (endogenous or exogenous) directly binding to the antigen cleft of the HLA, 

resulting in a signal presentation to T-cell receptors triggering a response of the immune system 

(Figure 2.1). As of today, over 15,000 different HLA-variants have been identified in humans 

and reported in the IMGT/HLA database .10 Focusing on ADRs, each variant has hypothetically 

the potential to form a HLA-drug complex with selective binding interactions. Therefore, the 

number of possible HLA-drug combinations is enormous and explains why HLA-mediated 

ADRs are extremely hard to predict and, obviously, rarely observed during clinical trials due to 

the small number of participants. Furthermore, prioritizing HLA-variants to target for drug 
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screening can be extremely challenging due to the varying frequency of HLA-variant by 

ethnicity .11 

 

 

Figure 2.1.   Scheme representation of altered-repertoire binding and signaling mechanism of 

antigen/drug, HLA-receptor, and peptide for T-cell activation. 

 

 Even though the vast majority of HLA variants are rare, there are several well-known 

cases of HLA-mediated ADRs. For instance, carbamazepine (brand name Tegretol) is used for 

the treatment of seizures, but patients carrying the HLA-B*15:02 variant 12,13 have an increased 

likelihood to suffer from the Steven-Johnson Syndrome (SJS)  or toxic epidermal necrolysis 

(TEN) 14. Another well-established example is flucloxacillin (Floxapen), a beta-lactam anti-

microbial, that can cause typical drug-induced liver injury (DILI) in patients possessing the 

HLA-B*57:01 variant .15 Additionally, HLA-B*57:01 is responsible for abacavir 

hypersensitivity syndrome (AHS) which is a severe, life-threatening ADR occurring in patients 

prescribed abacavir for treating HIV infection .16 

Clearly, the ability of a drug to bind with a given HLA-variant plays a significant role in 

determining whether that compound or its metabolite(s) may potentially trigger ADRs in a given 

subpopulation carrying that particular HLA variant. Therefore, computational approaches able to 

forecast such HLA-drug molecular interactions reliably could have serious implications in 

preventing ADRs and thus potentially contribute to the development of precision medicine. 

Using in silico techniques to predict drugs’ liabilities has now become a common, reliable 

enough, and cheap enough screening approach, especially for toxicity and ADRs evaluations .17–
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30 Typically, forecasting potential ADR involves analyzing the chemical space with chemical 

similarity techniques .17–20 Liu et al. recently used a 2D structural alert –based screening for 

chemical similarity to forecast ADR,17 while Vilar et al. employed a 3D pharmacophore-based 

similarity search in order to predict ADR.18 Alternatively, quantitative-structure activity 

relationship (QSAR) models have been developed in order to forecast drug-induced SJS 19 or 

DILI.20 New methods can use a systems chemical biology approach in order to predict drug 

hepatoxicity through the integration of chemical and biological data.21,22  

 However, there are very few molecular modeling studies in the literature attempting to 

analyze and predict the molecular interactions between drugs and HLA variants. For instance, 

Luo et al.23 modeled the interactions between various HLA variants and some endogenous 

peptides using a network analysis approach, but the authors did not examine potential drug 

binding events. Recently, Paul et al. developed two approaches for predicting HLA-Class I and -

Class II epitopes using TepiTool 31 and the Immune Epitope Database and Analysis Resonance. 

32 Another group developed a very useful, online database compiling all of the known HLA-drug 

interactions resulting in ADRs (HLADR, http://pgx.fudan.edu.cn/hladr/); however, this database 

is based solely on measured odds ratios (ORs) obtained from existing literature.24 Recently, 

Yang et al.25 conducted a preliminary molecular docking study on abacavir using AutoDock 

Vina, but little details were discussed regarding the actual binding mode of the drug. In a proof-

of-concept study, we used molecular docking to predict the binding modes of clozapine with 

several HLA-variants and explore some possible clozapine-HLA interactions.26 Clozapine 

(Clozaril) is an efficient antipsychotic that may result in agranulocytosis/granulocytosis when a 

patient has HLA-DQB1 or specific HLA–B variants.26,27  

Alfirevic et al.28 attempted to establish a HLA-typed DNA archive that could be used to 

map DILI events between class I and II HLAs using distance trees. Recently, Schotland et al.29 

attempted to data-mine FAERS reports for SJS/TEN associations with HLA-variants using the 

Molecular Analysis of Side Effects (MASE) approach. Additionally, Schotland et al. performed 

a homology docking model of carbamazepine (and several other drugs) at the HLA-B*15:02 

variant.29 This homology model was developed from work previously performed by Wei et al.30 

Both research groups were able to successfully verify the importance of the ARG62 residue for 

carbamazepine binding at B*15:02.29,30 Furthermore, using this same homology model Zhou et 

al. conducted a molecular dynamic simulation exploring the T-cell signaling mechanism of 

http://pgx.fudan.edu.cn/hladr/
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bonded carbamazepine with HLA-B*15:02.33 Overall, the literature on the computational 

modeling of HLA-drug complexes is limited but definitely emerging. 

Recently, Metushi et al. conducted a virtual screening of the ZINC database in order to 

attempt HLA-B*57:01 liable chemicals.34 The ZINC database contains over 35 million 

commercially available compounds.35 Using concatenated FP2 and FP4 structural fingerprints, 

Metushi et al. conducted a 2D-similarity search of abacavir on 3.5 million compounds from the 

ZINC database followed by a 3D-similarity search using pharmacophoric features of abacavir.34 

From this initial screening, 54 compounds were identified and selected for molecular docking 

using the X-ray crystal 3UPR. Next, Metushi et al. identified seven compounds that were tested 

for HLA-B*57:01 affinity from which acyclovir was identified as a potential candidate.34 But, 

when acyclovir was subjected to a CD8+ T-cell response assay,36 it was determined that 

acyclovir did not induce a CD8+ T-cell response.34 This study by Metushi et al.34 represents a full 

in silico to in vitro screening for HLA-B*57:01 liable compounds from ZINC.  

Developing molecular docking protocols that effectively identify hits can be a 

challenging undertaking, especially when it comes to the preparation of complex proteins, such 

as HLA.37 Moreover, when molecular docking was conducted in published studies involving 

HLA proteins, it was not specified if a co-binding peptide was present or absent. As such, we 

believe that it is of the utmost importance that a thorough analysis of molecular docking 

targeting the HLA-B*57:01 variant be conducted in order to properly identify the limitations of 

this molecular modeling technique for forecasting a drug’s likelihood to bind a HLA variant and 

thus potentially cause a HLA-mediated ADR.   

In this study, we are employing structure-based docking38 to predict and analyze the 

molecular interactions between different drugs and the relatively common HLA-B*57:01 variant. 

First, we decided to focus on abacavir (brand name Ziagen) due to the availability of three X-ray 

crystals (PDB: 3VRI, 3VRJ, and 3UPR).16,39 These X-ray crystals include abacavir and unique 

co-binding peptides bound in the antigen-binding cleft of HLA-B*57:01 (Figure 2.2).16,39 We 

tested whether molecular docking would be able to obtain native-like peptide-abacavir-HLA 

complexes. Second, we considered 13 other drugs with known or putative HLA-binding 

associations resulting in ADR events. We docked them in the antigen-binding cleft of HLA-

B*57:01 in presence and absence of an endogenous peptide and critically analyzed their docking 

scores and binding modes.  
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Figure 2.2.    Structure of the HLA-B*57:01 variant in complex with abacavir (represented in 

CPK) and peptide P1 (colored in yellow) - PDB code= 3VRI. 

 

Overall, this study underlines the relevance of employing molecular docking for 

analyzing and predicting HLA-drug interactions. Due to the large number of HLA-alleles 10 and 

their varying frequency of occurrence by ethnicity,11 the ability to forecast idiosyncratic ADRs is 

extremely difficult and thus the development of HLA-drug specific virtual screening procedures 

could become a key component of future precision medicine protocols. Importantly, the goal of 

this research was to test molecular docking as a computationally inexpensive virtual screening 

approach for the reliable prediction of critical drug-HLA-B*57:01 interactions triggering ADR 

events. As such, molecular dynamic simulations were not considered in this study, especially 

when considering the screening of drugs towards thousands of HLA variants.   

 

2.2. MATERIALS AND METHODS 

2.2.1. Dataset. Three X-ray crystals including abacavir bound to the antigen-binding cleft 

of HLA-B*57:01 with an endogenous peptide were downloaded from the Protein Data Bank: 

3VRI (resolution 1.6 Å, peptide P1, Figure 2.2), 3VRJ (resolution 1.9 Å, peptide P2), and 3UPR 

(resolution 2.0 Å, peptide P3).16,39 The three crystal structures are highly similar and consist of 

bound abacavir covered by a differing endogenous peptide. In the case of 3VRI and 3VRJ, there 

are three distinct chains constructing the protein, chain A (275 residues for both crystals), chain 

B (100 and 99 residues, respectively), and chain C corresponding to the peptides P1 and P2, 

respectively (10 residues). Crystal 3UPR is a dimer with matching chains A and C (275 residues 
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each), an interlinking chain B and D connecting chains A and C (99 residues), and chains P and 

Q corresponding to the peptide P3 (9 residues). The binding pocket is located on chain A for 

3VRI, 3VRJ, and 3UPR (as well as chain C for 3UPR because it is a dimer). 

In order to identify any significant differences between the binding sites of 3VRI, 3VRJ, 

and 3UPR the overall protein structure, ligand conformation, and co-binding peptides were 

analyzed in several different ways. First, a general all atom alignment was performed between 

the protein structures as implemented in the Schrodinger Suite.40 In general, a measured RMSD 

value can be used to determine structural similarity between closely related proteins (as is the 

case with our three crystals of the HLA-B*57:01 protein).41 Next, a peptide backbone alignment 

was performed on the three co-binding peptides present in addition to superimposition of bound 

abacavir from the three crystals. Additionally, overlay similarity scores were calculated between 

the three structures for the protein, co-binding peptides, and bound abacavir using Discovery 

Studio.42 Finally, a binding site specific alignment was performed using residues within 5 Å of 

bound abacavir.  

Next, the physical characteristics of the binding pocket were explored using SiteMap. 43,44 

SiteMap characterizes the possible binding sites of a protein by analyzing several physical 

descriptors, such as: Size, volume, exposure to solvent, hydrophobic and hydrophilic space, and 

H-donor/-acceptor ability.43,44 Using these physical descriptors two scores are generated: Site 

Score (Sscore) and Drugability Score (Dscore). A binding pocket that is likely to bind a ligand 

(i.e. druggable) will have an Sscore greater than 0.8 and a Dscore greater than 0.83.43,44 Using 

the default SiteMap parameters (a 6 Å buffer region, a minimum of 15 site points, restrictive 

hydrophobicity, and a standard grid) the HLA-B*57:01 binding pockets were analyzed under 

three conditions. First, the binding pocket was analyzed in the presence of the co-binding peptide 

using abacavir as the reference ligand. Then, the ligand binding environment was analyzed in the 

absence of co-binding peptide with abacavir as the reference compound. Finally, the peptide was 

used as the reference ligand to map the binding pocket. Analyzing the peptide binding pocket of 

HLA-B*57:01 under these three conditions, with SiteMap, afforded a detailed analysis of how 

the ligand and peptide impact the binding environment.   

Abacavir’s binding mode with HLA-B*57:01 occurs through an altered repertoire 

mechanism. The altered repertoire binding mechanism occurs when an antigen binds non-

covalently to the HLA active site and then, an endogenous or exogenous peptide binds non-
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covalently across the active site.4,9,16,39 This prevents the antigen from exiting the binding cleft, 

while also serving as a signaling trigger to T-cells resulting in an immune system response. As 

such, the model developed for this study used an altered repertoire binding mechanism. A 

cartoon schematic of this mechanism is provided in Figure 2.1.  

The test set of HLA-liable drugs considered in this study is as follows: abacavir 

(Zaigen),16,39,45–47 allopurinol (Zyloprim),48,49 atorvastatin (Lipitor), carbamezapine 

(Tegretol),12,13,29,30,50 ciprofloxacin (Cipro), clozapine (Clozril),26,27,51,52 fenofibrate (Triocor), 

flucloxacillin (Floxapen),15 methyldopa (Aldomet), minocycline (Minocin), pazopanib 

(Votrient),53 sertraline (Zoloft), simvastatin (Zocor), and ticlopidine (Ticlid).54 It is worth noting 

that the drugs abacavir, flucloxacillin, and pazopanib are all HLA-B*57:01 actives, while the rest 

of the compounds are believed to be inactive towards this particular HLA variant. The set is 

provided in Table 2.1 with their respective indications, ADR event, and HLA-association. The 

set was structurally preprocessed using LigPrep from the Schrodinger Suite.37 Prior to docking, 

the therapeutic classes of the test set of ligands were explored in addition to measuring 

compound similarities. The well-known MACCS key structural fingerprints were employed to 

measure the pairwise 2D-similarity between the entire test set of compounds.55 Similarity scores 

were determined by measuring the tanimoto coefficients which can be determined using the 

following Equation 2.1, 

TC =  
bc

b1+b2−bc
  (Eq. 2.1). 

Where TC is the tanimoto similarity score, bC are the common bits for both compounds, b1 are 

the bits from molecule one, and b2 are the bits from molecule two. 56 

 

 2.2.2. Molecular Docking.  Prior to the modeling, we conducted a 3D alignment of 

3VRI, 3VRJ, and 3UPR in order to evaluate any significant deviations between the protein 

structures, bound ligand, and peptides. Molecular docking was conducted using the three 

aforementioned X-ray crystals preprocessed and curated (e.g., removal of water, addition of 

explicit hydrogens) using the Protein Preparation Wizard from the Schrodinger Suite.37,57–60 

Missing side chains were generated using Prime 59,60 while the protonation states of each side 

chain were generated using EPIK at pH = 7.57,58 Protein minimization was performed using the 

OPLS3 force field.61–64 Internal and external receptor grid boxes of 10 X 10 X 10 Å and 20 X 

20 X 20 Å were defined using abacavir bound in the antigen cleft. The optimized structures of 
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the test set were then docked with Schrodinger’s GLIDE software using both SP and XP scoring 

functions with a rigid protein, flexible ligand, and rigid peptide (when docked with peptide).65–

68 Due to the presence of a unique peptide for each X-ray crystal, we conducted the docking 

with and without a peptide covering the solvent-accessible surface of the antigen-binding pocket. 

Each docking result was analyzed by comparing the docking and eModel scores in addition to 

the analysis of the drug’s binding mode in the B*57:01 site. The docking score (DS) consists of a 

sum of the Glide Score, measured from the SP or XP scoring functions, and the measured EPIK 

state penalty; the eModel score (eM) is a measure of the ‘favorability’ of a docked 

pose.57,58,65–67 The DS may be used for comparing different ligands, but the eM score is 

suitable only to rank different conformations of the same ligand and should not be used to 

compare different ligands. A drug was considered to be B*57:01 liable (active) if the two 

following empirical thresholds were met: First, the DS had to be at less than or equal to -7 

kcal/mol and second, the eM score had to be less than or equal to -50 kcal/mol. These thresholds 

were previously used in virtual screening protocols for discerning micromolar binders.69–71 

However, these scoring thresholds are specific for our model using GLIDE docking with SP and 

XP scoring functions and are subject to change depending upon the software and method 

employed for any virtual screening protocol in addition to the protein being studied. Our docking 

results were also evaluated using accuracy, sensitivity, specificity, positive performance value 

(PPV), and negative performance value (NPV); 72 these values can be found in Appendix Table 

A1. 

 

Table 2.1.    Drugs used to construct test set for docking with their proposed HLA-association. 

Generic  

Name 

Brand 

Name 

DBID Indication ADR HLA 

Abacavir Zaigen DB01048 HIV Antiviral Hypersensitivity B*57:01 

 

Allopurinol Zyloprim DB00437 Uric Acid 

Inhibitor 

 

SCAR B*58:01 

Atorvastatin Lipitor DB01076 High  

Cholesterol 

 

Hypercholesterolemia 

Cardiac Heart Disease 

DRB1*10:10 a  
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Table 2.1 (Continued). 

Carbamazepine Tegretol DB00564 Seizures 

Bipolar Disorder 

SJS/TEN 

 

B*15:02 

Ciprofloxacin Cipro DB00537 Antibiotic Gastrointestinal Irritation 

 

B*50:02 a 
 

Clozapine Clozaril DB00363 Antipsychotic Agranulocytosis 

 

DRB5*02:01 

Fenofibrate Tricor DB01039 High  

Cholesterol 

Acute Generalized 

Exanthematous Pustutosis 

(AGEP) 

 

A*33:01 a 
 

Flucloxacillin Floxapen DB00301 Antibiotic DILI 

 

B*57:01 

Methyldopa Aldomet DB00968 Anti-

hypertensive 

 

N/A A*33:01 a 
 

Minocycline Minocin DB01017 Antimicrobial Thyroid hyperplasia B*35:02 a 

 

 

Pazopanib Votrient DB06589 Chemotherapy DILI 

ALT Concentration 

Increase 

B*57:01 

 

Sertraline Zoloft DB01104 PTSD/OCD Serotonin Syndrome 

 

A*33:01 a 
 

Simvastatin Zocor DB00641 High 

Cholesterol 

Myalgia 

Arthralgia 

 

B*13:02 a 
 

Ticlopidine Ticlid DB00208 Thrombotic 

Stroke 

Agranulocytosis 

Aplastic Anemia 

Neutropemia 

 

A*33:01 

aPutative; data not published     
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2.3. RESULTS AND DISCUSSION 

 2.3.1. Alignment of 3VRI, 3VRJ, and 3UPR. We began our analysis by superimposing 

3VRI, 3VRJ, and 3UPR and we determined that the most significant differences between these 

three HLA-B*57:01 crystal structures were related to the co-binding peptides. Indeed, when 

performing an all-AA residue alignment, 3VRI has a 96% overlay similarity with 3VRJ and an 

extremely low pairwise RMSD equal to 0.15 Å (see Figure 2.3). Meanwhile, the all-AA residue 

overlay similarity between 3VRI and 3UPR was measured to be 76% with an RMSD of 0.59 Å. 

The major structural differences between 3VRI and 3VRJ from 3UPR are not related to the 

actual binding domain (chain A in 3VRI and 3VRJ and chains A and C in 3UPR) but rather the 

location of the interlinking chains between each crystal (chain B in 3VRI or 3VRJ and chains B 

and D in 3UPR). Additionally, we aligned the bound conformations of abacavir for all three 

crystals using 3VRI as the reference structure. We found that the overlay similarities were 

greater than 95% and measured RMSDs as low as 0.39 and 0.43 Å when compared to 3VRJ and 

3UPR respectively. The slight 3D dissimilarity between abacavir’s poses arises due to ring strain 

of the cyclopropyl group and rotational variation of the hydroxyl group (as illustrated in Figure 

2.3). When a binding site alignment was performed (using residues within 5 Å of abacavir) the 

measured RMSD was less than 0.4 Å for all three crystal structures.  
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Figure 2.3.    Superimposed structures of HLA-B*57:01 protein and bound abacavir from 

crystals 3VRI (colored in red), 3VRJ (green), and 3UPR (blue) with measured overlay 

similarities and RMSD using 3VRI protein and abacavir as the reference structure. 

 

The crystals 3VRI, 3VRJ, and 3UPR each contained a unique co-binding peptide with 

sequences of RVAQLEQVYI (P1), LTTKLTNTNI (P2), and HSITYLLPV (P3), respectively. 

After performing a backbone alignment of the peptides, it was determined that the three peptides 

have a similar binding conformation. When using P1 (from 3VRI) as a reference, the backbone 

alignment has been measured with an RMSD of 1.23 and 1.78 Å with P2 (3VRJ) and P3 (3UPR) 

respectively, as shown in Figure 2.4. The overlay similarities for all three peptides were greater 

than 70%. Furthermore, it can be noted that the three peptides have a similar length with both P1 

and P2 including 10 amino acid residues and P3 involving 9 residues. This high level of 

conformational similarity between the three co-binding peptides was not obvious because the 

amino acid relatively dissimilar (Figure 2.4). 
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Figure 2.4.   Aligned sequences of peptides P1 (3VRI, red), P2 (3VRJ, green), and P3 (3UPR, 

blue). 

 

Even though these three peptides contain different residues, they do possess similar 

physical chemical attributes. For example, with the exception of P2, the ends of each peptide 

possess a basic residue and a hydrophobic residue (arginine and isoleucine for P1, histidine and 

valine for P3). Peptide P2 has hydrophobic residues at either extremities (leucine and isoleucine). 

Additionally, it should be noted that the center of each peptide contains a hydrophobic residue 

next to a hydrophilic residue. Indeed, peptide P1 has a leucine next to a glutamate at residue 

positions five and six, P2 has a leucine next to a tyrosine for residues five and six, and P3 has a 

tyrosine at position six with both a hydrophilic threonine at position four and hydrophobic 

leucine at position six.  

For all three peptides, the AA residues at either end form non-covalent interactions with 

the binding pocket to anchor the peptide into the pocket. The carbonyl backbone for VAL, TYR, 

and ILE of P1 serve as H-bond acceptors for the in pocket residues TRP147 and TYR84 in 

addition to the formation of a salt bridge between ILE carboxylate group and LYS146. On the 

other end of P1, ARG serves as a H-bond donor with the pocket residues GLU63 and TYR171 

while also forming a salt bridge with TYR59. Peptides P2 and P3 are anchored in a similar 

fashion in crystals 3VRJ and 3UPR. Importantly, the centroid of each peptide does not form 

interactions with binding pocket due to displacement by abacavir. The 2D-binding modes of 

peptides P1, P2, and P3 are provided in Appendix Figure A1. 

Furthermore, the physical binding environment of the binding pocket was evaluated using 

SiteMap.43,44 The binding pocket for each crystal was evaluated under three conditions: (1) 

Abacavir was used as the reference ligand with peptide present, (2) Abacavir was used as the 
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reference ligand in the absence of a co-binding peptide, and (3) the co-binding peptide was used 

as the reference ligand with abacavir present. Under conditions 1 and 2 the measured Sscore and 

Dscore was between 1.1 and 1.3 indicating that the binding environment is extremely favorable. 

Overall, condition 2 had slightly lower Sscore and Dscores which is most likely due to increased 

solvent exposure due to the missing co-binding peptide. Interestingly, when the co-binding 

peptide was used as the reference ligand, the Sscore and Dscore were significantly lowered to a 

range of 0.8 to 1.1. Additionally, SiteMap identified two binding locations under the third 

condition (at either end of the peptide) while the center of the peptide was excluded from the 

binding surface. The observation of two binding pockets occurs as a result of the altered 

repertoire binding mechanism of abacavir with HLA-B*57:01 which has displaced the center of 

the peptide from binding with the pocket. The SiteMap generated binding surfaces are provided 

in Appendix Figure A2. 

 

2.3.2. Self-Docking of abacavir in 3VRI with (+) and without (-) the presence of a co-

binding peptide. The next step of our analysis was dedicated to the self-docking of abacavir in 

both the presence and absence of a co-binding peptide in B*57:01. To do so, we removed the 

native pose of abacavir from 3VRI, then we re-docked abacavir using both Glide SP and XP 

scoring functions. This self-docking procedure was conducted in order to test whether molecular 

docking could accurately reproduce the native binding mode of abacavir and investigate the 

significance of the co-binding peptide. To do so, we aligned the highest scoring conformation of 

self-docked abacavir with the native pose of abacavir from 3VRI. Self-docking without P1 was 

also performed; however, there is limited existing data about the potential binding mode of 

abacavir without peptide.16,39 When attempting to solve the X-ray crystals 3VRI and 3VRJ, Illing 

et al.16 used molecular docking to probe the binding cleft of HLA-B*57:01 to assist their 

crystallization procedure. Similarly, when Ostrov et al.39 solved for the 3UPR crystal, molecular 

docking was employed to select an optimized co-binding peptide for crystallization. Next, both 

the measured DS and eM scores of self-docked abacavir (with and without P1) were analyzed 

followed by the description of the molecular interactions between abacavir and HLA-B*57:01.  

Surprisingly, the self-docked abacavir had a measured RMSD of about 1.2 Å for 3VRI 

with and without P1, regardless if the SP or XP scoring function was used. As illustrated in 

Figure 2.5, this variation in RMSD was determined to be from the rotation of the hydroxyl group 
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and ring strain from abacavir’s cyclopropyl group. Additional self-docking alignments were 

conducted for both 3VRJ and 3UPR. The most notable difference for these compounds was the 

observance that docked abacavir in the absence of P2 or P3 would rotate 180 degrees placing the 

hydroxyl group and cyclopropyl group at opposite ends of the binding pocket from the native 

crystal. However, when P2 or P3 were present, the predicted binding mode matched the native 

crystal. These results are provided in Appendix Figures A3 and A4 for 3VRJ and 3UPR, 

respectively. This difference in binding orientation in the absence of co-binding peptide could 

occur from three possibilities: First, the X-ray crystals contain peptides so the actual binding 

mode of abacavir without peptide is unknown. Second, the binding pocket has similar residues 

allowing different orientations of abacavir to bind in the absence of peptide. Third, there may be 

two equally stable orientations of abacavir present in the binding pocket in the absence of a co-

binding peptide.  

The measured DS and eM scores for self-docked abacavir are summarized in Table 2.2. 

For this study, a compound is considered as a B*57:01 binder if it affords a DS less than -7 

kcal/mol and an eM score less than -50 kcal/mol 69–71. Importantly, self-docked abacavir was 

found to be active for all three protein structures with and without peptides P1, P2, and P3. 

Furthermore, the DS were found to be within a 1 kcal/mol variation for both SP and XP scoring 

functions and across crystal structures. Moreover, the presence of a co-binding peptide was 

found to stabilize the DS by approximately 2 kcal/mol in all cases. We found significantly more 

variation regarding eM scores; the observed differences between scoring functions were ranging 

from 0.7 to 4.7 kcal/mol, while the differences between crystals were ranging from 0.2 to 7 

kcal/mol. The larger the variance in eM scores, the more diverse the conformational poses of 

abacavir.  
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Figure 2.5.    Self-docked abacavir with measured RMSD using crystal 3VRI. 3VRI native 

abacavir is shown in gray, abacavir using SP without P1 is shown in blue, abacavir using SP with 

P1 is shown in red, abacavir using XP without P1 is shown in orange, and abacavir using XP 

with P1 is shown in green. 
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Table 2.2.    DS and eM scores reported as absolute values for abacavir—B*57:01 docking with 

crystals 3VRI, 3VRJ, and 3UPR in the presence and absence of peptides P1, P2, and P3 using the 

SP and XP scoring functions 

 

 

Lastly, the binding modes were examined to elucidate the impact the co-binding 

endogenous peptide could have upon the actual DS and eM scores (DS was stabilized by 

approximately 2 kcal/mol while the eM score was stabilized by 10-15 kcal/mol in the presence of 

peptide). The binding mode of abacavir with and without P1 generated using the SP scoring 

function is represented in Figure 2.6. Figure 2.6a shows the binding mode of native abacavir 

with P1 (3VRI) and it was observed that the terminal hydroxyl group is rotated into the binding 

pocket and undergoes H-bonding with the TYR74 residue (ROH—TYR74 = 2.1 Å). However, when 

abacavir is docked without P1, the hydroxyl group still engages in H-bonding with a tyrosine 

residue, but it is now TYR99 (ROH—TYR99 = 2.0 Å) as shown in Figure 2.6b. However, when P1 

is present, the hydroxyl group is rotated away from the binding pocket and H-bonds with the 

peptide backbone (carbonyl) of ALA3 (ROH—ALA3 = 2.0 Å) as shown in Figure 2.6c. Overall, we 

determined that the H-bonding (ASH114, SER116, and ILE124) and π-π stacking (TRP147) 

between abacavir and the B*57:01 binding pocket involved the same amino acid interactions in 

both presence and absence of the peptide except for the terminal hydroxyl group of abacavir. The 

binding modes for abacavir with 3VRJ and 3UPR are provided in Appendix Figures A5 and 

A6, respectively. Thus, Glide was able to accurately reproduce the native binding mode of 

  3VRI 3VRJ 3UPR 

  (-) P1 (+) P1 (-) P2 (+) P2 (-) P3 (+) P3 

SP 

Docking 

(kcal/mol) 
-8.27 -10.46 -8.46 -9.64 -8.24 -9.51 

eModel 

(kcal/mol) 
-62.7 -78.5 -64.3 -79.8 -65.3 -78.3 

XP 

Docking 

(kcal/mol) 
-7.99 -10.35 -7.38 -9.06 -7.77 -9.22 

eModel 

(kcal/mol) 
-58.0 -74.9 -65.0 -76.5 -62.4 -78.9 
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abacavir with HLA-B*57:01 and afforded good DS and eM scores. Performing molecular 

docking using the crystals 3VRI, 3VRJ, and 3UPR should thus be able to forecast meaningful 

interactions between HLA-B*57:01 and drugs from the test set. The results of docking using 

3VRI and P1 are included in the manuscript, while the results of docking with 3VRJ (P2) and 

3UPR (P3) are provided in the supporting information. 

 

2.3.3. Docking a set of ADR-causing drugs. The test set of ADR-causing drugs with 

known or putative HLA-binding profiles (Table 2.1) were docked using both SP and XP scoring 

functions. Upon inspection, we were able to determine that the test set of drugs used in this study 

had distinct therapeutic classes and low 2D chemical similarities. All of the drugs from the test 

set had distinct therapeutic classes with the exception of flucloxacillin and minocycline, which 

were both antibacterial agents. Furthermore, when the MACCS fingerprints 55 were calculated, 

the Tanimoto similarities 56 were quite distinct with the highest similarity (0.63) between the 

drugs atorvastatin and ciprofloxacin, and clozapine and ticlopidine, respectively. Abacavir and 

fenofibrate had the lowest measured structural similarity of 0.15. Surprisingly, the drugs 

abacavir, flucloxacillin, and pazopanib were all dissimilar with Tanimoto’s ranging from 0.35 to 

0.40 even though these drugs are HLA-B*57:01 liable 15,16,39,53. All pairwise Tanimoto 

similarities are provided in Appendix Table A2. 

  Virtual screening was conducted using the three X-ray crystals 3VRI, 3VRJ, and 3UPR 

in the presence and absence of peptide. Herein, we reported the results of docking using crystal 

3VRI with and without peptide P1 (the results pertaining to docking performed with 3VRJ (P2) 

and 3UPR (P3) are provided in the supporting information). Statistical measures of our model’s 

ability to forecast HLA-B*57:01 liable drugs have been provided in Appendix Table A1. 

Interestingly, our model performed very well in the absence of peptides P1, P2, and P3 (SEN = 

0.67 (SP) and 1.00 (XP)), but when the peptide was included in docking, there was a significant 

decrease in our model’s ability to predict true positives (SEN = 0.33 for SP and XP). However, 

our model’s ability to forecast true negatives was extremely good as indicated by the high 

specificity (0.73 to 0.82 for SP and XP without peptide and 0.91 to 1.00 for SP and XP with 

peptide). The accuracy, positive prediction value (PPV), and negative prediction value (NPV) 

were also measured and are provided in Appendix Table A1. 
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Figure 2.6.    Binding mode interactions of abacavir at B*57:01 using 3VRI: (A) Native abacavir 

binding mode from X-ray crystal 3VRI with P1; (B) Self-docked abacavir using SP scoring 

function with P1; (C) Self-docked abacavir using SP scoring function without P1. B*57:01 

represented as follows: Helix (cyan), sheet (magenta), and loops (salmon). Molecular 

interactions colored as follows: side chain H-bonding (dark blue), backbone H-bonding (red), 

and π-π stacking (green). 
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 The DS results are plotted in Figure 2.7a for the entire test set, while eM scores are 

plotted in Figure 2.7b. It should be noted, that though each score is represented in a separate 

image for simplicity in viewing, the best criteria for an active compound is that BOTH the DS 

and eM scoring thresholds be met (G < -7 kcal/mol and eModel < -50 kcal/mol, respectively).69–

71 Using this dual threshold requirement, it was observed that the drugs abacavir, fenofibrate, and 

pazopanib all met the criteria to be B*57:01 active drugs. The results pertaining to abacavir have 

previously been discussed in section 2.3.2. Interestingly, fenofibrate, a drug believed to bind the 

HLA-A*33:01 variant (Table 2.1), was forecasted as a HLA-B*57:01 active compound by our 

model. This result suggests that our model may be inappropriately classifying fenofibrate as an 

HLA-B*57:01 liable drug; however, there are instances where drugs have shown promiscuity 

towards multiple variants (consider carbamazepine with HLA-A*31:01 and HLA-B*15:02).12,50 

As such, future studies should be performed using molecular dynamics to analyze the binding 

mode and binding affinity of fenofibrate at both A*33:01 and B*57:01 variants. Reassuringly, 

Glide was able to accurately forecast the B*57:01 active drug pazopanib.53 The binding results of 

pazopanib are discussed in section 3.4.  

Interestingly, our model identified allopurinol and clozapine as two inactive compounds, 

i.e., failed to meet either DS or eM score criteria at the B*57:01 variant. Allopurinol is a HLA-

B*58:01 active compound 48,49 and was not expected to be active at the B*57:01 variant. 

Previous work had suggested that clozapine might be a HLA-B*39 or -B*57:01 active drug, but 

it was unclear which specific B-variant was preferred.26,27 In our current model, clozapine 

afforded a DS above the threshold of -7 kcal/mol and an eM greater than -50 kcal/mol providing 

further evidence that clozapine is not a B*57:01 binder. In some cases, our model produced 

conflicting results that would predict a drug as being inactive or active under varying conditions. 

For example, as shown in Figure 2.7a, carbamazepine afforded DS well below the threshold 

(with the exception of GXP without P1); however, the measured eM score of carbamazepine were 

greater than our -50 kcal/mol threshold indicating that carbamazepine was not an HLA-B*57:01 

liable drug (Figure 2.7b).  
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Figure 2.7.    Docking score (A) and eModel (B) distributions for the test set of drugs. Scores 

obtained with 3VRI are reported as absolute values with thresholds at 7 kcal/mol (Docking 

Score) and 50 kcal/mol (eModel). SP results without P1 are colored in red, SP with P1 shown in 

maroon, XP without P1 shown in light blue, and XP with P1 shown in dark blue.  
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In other instances, the model identified a drug as a B*57:01 active in the absence of 

peptide, but when the P1 peptide was present in the cleft, the drug would fail to meet either DS, 

eM, or both criteria. The drugs atorvastatin (HLA-DRB1*10:10 active), ciprofloxacin (HLA -

B*50:02), and minocycline (HLA -B*35:02) were among these cases (Table 2.1). It was also 

observed that for some drugs, such as flucloxacillin, the use of SP or XP scoring function 

influenced the models prediction. The DS and eM scores for 3VRJ and 3UPR with the test set 

are provided in Appendix Figures A7 and A8, respectively.  

Pearson correlation coefficients were calculated for DS and eM scores obtained by the 

three X-ray crystal docking systems (Appendix Tables A3 and B4). The DS results without 

peptide showed a significant improvement in fit when the XP scoring function was used between 

3VRI, 3VRJ, and 3UPR (0.71 < RSP(-)P < 0.88 and 0.92 < RXP(-)P < 0.98); however, when docking 

was performed in the presence of peptides P1, P2, or P3, there was more fluctuation in the results 

(0.57 < RSP(+)P < 0.87 and 0.70 < RXP(+)P < 0.74). Interestingly, when we compared eM scores, 

the similarity between docking grids appeared to be more dependent upon the scoring function 

employed as opposed to the influence of the peptide. When the SP function was used, the 

crystals showed excellent agreement in the absence of peptide, but in the presence of peptide 

there was more variation between the systems (0.73 < RSP(-)P < 0.84 and 0.60 < RSP(+)P < 0.91). 

Yet, when the XP function was used the overall fit improved in the absence and presence of 

peptide (0.60 < RXP(-)P < 0.91 and 0.67 < RXP(+)P < 0.83). For both DS and eM scores, the 

presence of peptide lowered the correlation, because not all of the test set drugs had a favorable 

conformation in the binding pocket with peptide. The discrepancy observed between scoring 

functions for eM correlations could result from differences between the SP and XP scoring 

functions in calculating conformational energy of the binding drug.65–68 Importantly, the eM 

score was not used to compare results between different sets of ligands, but to measure how the 

SP and XP scoring functions performed when different crystals (3VRI, 3VRJ, and 3UPR) under 

different stresses (the presence or absence of peptides P1, P2, and P3) were used. Essentially, 

this provides a baseline for measuring the differences between our systems.       

 Next, we plotted eM scores against DS in order to emphasize the compounds that 

surpassed both DS and eM score thresholds, as shown in Figure 2.8. Interestingly, in the absence 

of P1, pazopanib is the best scoring drug (GXP  -9.14 kcal/mol, eMXP = -91.55), but when P1 is 

present abacavir is the best scoring drug. One compound not shown in Figure 2.8 is simvastatin, 
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which had an extremely favorable DS of -10.07 kcal/mol when using the XP scoring function 

with P1. However, the measured eM of simvastatin was highly unfavorable (eM > 0 kcal/mol). 

We believe this may show the limitation of Glide scoring functions for docking these complex 

tripartite systems. When molecular docking is performed, the protein is treated as a rigid system 

while the ligand is a flexible system. In this tripartite system, the co-binding peptide needs to be 

accounted for in the docking procedure. Here, the peptide is treated as a rigid system similarly to 

the protein. Clearly, molecular dynamic simulations will be needed in order to explore how the 

co-binding peptide adjusts to the presence of different drugs. Furthermore, this anomaly may 

present evidence that our model can only accurately handle ligands that share similar 3D-

characteristics with abacavir (size, shape, functional groups, etc.). Future studies will incorporate 

molecular dynamics to investigate the dynamic relationships between the HLA-binding pocket, 

drug, and peptide. 

 

 

Figure 2.8.    eModel vs Docking Score plot for test set of drugs. SP without P1 results are 

shown in red, SP with P1 shown as maroon, XP without P1 shown in light blue, and XP with P1 

shown in dark blue. 

 

 There were two top scoring drugs when docking with 3VRJ (see Appendix Figure A9): 

abacavir docked using the SP function with peptide P2 and pazopanib docked using the XP 

function without peptide P2. When docking was performed with 3UPR, the top performing drug 

was again abacavir (the SP and XP scoring functions with peptide P3 both yielded the best DS 
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and eM scores in this case). The plot of eM vs. DS for 3UPR is provided in Appendix Figure 

A10. 

We should underline the results obtained in our docking study seem to be dependent on 

the composition of the co-binding peptides and this can be seen as a clear limitation. Thus, more 

analysis would be needed to study whether peptide P1 is rather specific to abacavir and therefore 

does not allow favorable interactions for the binding modes of other drugs (such as flucloxacillin 

or pazopanib which are both HLA-B*57:01 liable, but were predicted as inactive in the presence 

of peptide). Thus, HLA-variants may bind drugs with drug-specific (or class-specific) peptides 

that could significantly enable, boost, and thus impact their binding modes. Another possibility is 

related to the fact that P1 probably adopts a specific conformation favorable for abacavir 

binding. It means that other drugs may bind differently in the B*57:01 pocket and these binding 

modes are not favored in P1’s conformation from 3VRI. Thus molecular dynamic simulations 73 

are needed to test and potentially confirm this hypothesis at the case by case level. Of course, 

MD simulations cannot be used for screening purposes, especially considering a large collection 

of drugs (e.g., DrugBank) towards thousands of HLA variants. Therefore, molecular docking 

should still be considered as the main approach for high throughput HLA-drug screening. 

 

2.3.4. Additional focus on known HLA-B*57:01 actives: Flucloxacillin and Pazopanib. 

In addition to abacavir, the test set of compounds contained two other drugs, flucloxacillin and 

pazopanib, known to bind HLA-B*57:01 and potentially causing drug-induced liver injury 

(DILI).15,53 Glide was able to successfully forecast pazopanib as a B*57:01 active drug with DS 

(GSP = -8.7 kcal/mol, GXP = -9.2 kcal/mol) and eM scores (eMSP = -78.0 kcal/mol, eMXP = -91.5 

kcal/mol) well above the threshold in the absence of P1. Notably, the presence of P1 had a 

significant impact upon the DS and eM scores for pazopanib. When the SP function was used, 

pazopanib’s DS surpassed the threshold (GSP = -9.1 kcal/mol), while the eM score failed to meet 

it (eMSP = -43.2 kcal/mol). However, when the XP function was used the opposite phenomenon 

was observed with the DS failing the threshold (GXP = -6.6 kcal/mol) and the eM score 

surpassing it (eMXP = -56.3 kcal/mol). As a result, the binding mode of pazopanib was 

investigated for SP and XP scoring functions with and without peptide P1.  

We aligned the SP and XP best docked poses and found that the binding modes of 

pazopanib were the same (Figure 2.9A). We then found that pazopanib adopts at least two main 
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conformations in the binding site. In the absence of P1, pazopanib favors a linear conformation 

(Figure 2.9B) while in the presence of P1 a distinct structural curvature is formed (Figure 2.9C). 

The linear conformation adopted in the absence of P1 (Figure 2.9B) may occur as a result of 

optimizing ligand-residue interactions in the binding pocket that occur with H-bonds formed 

between TYR99 and the sulfonamide functional group, and ASH114 and a N-lone pair from the 

pyrimidine moiety. Additionally, there is some π-π stacking observed between TYR9 and the p-

methyl-m-sulfonamide-benzyl group as well as some stacking between TRP147 and the 

pyrimidine moiety. In the presence of P1, pazopanib adopts a curved conformation. There are 

two possible causes for this change in binding conformations (from linear to curved). First, some 

ligand-peptide interactions were not available in the absence of P1. Furthermore, the π-π stacking 

observed in the absence of P1 is no longer present as shown in Figure 2.9C. The key peptide 

residues interacting with pazopanib are LEU5 and VAL8, which are H-bonding through the 

backbone of P1 with the sulfonamide functional group. There is also H-bonding occurring in the 

pocket between SER116 (not a residue of the peptide) and the N-lone pair from the indazole 

moiety. Again, molecular dynamic simulations are needed to further investigate how the peptide 

influences the conformation of pazopanib. 

 The binding mode of flucloxacillin was also studied (Figure 2.10). Interestingly, we 

found that flucloxacillin could adopt four different metastable conformations in the B*57:01 

pocket and these conformations are significantly different as indicated by the large RMSD values 

(Figure 2.10A). We observed that in the absence of P1, flucloxacillin showed significant 

conformational variations with pairwise RMSDs greater than 8Å regardless of the scoring 

function. However, when P1 was present for SP and XP, the RMSD was found to be as low as 

1.64 Å. This result indicates that the binding mode of flucloxacillin may be highly dependent on 

the co-binding peptide. Curiously, each conformer was the top-scoring conformation for 

flucloxacillin from each of the conditions tested (SP with/out peptide and XP with/out peptide). 

Interestingly, the measured DS and eM scores from the SP scoring function were well above the 

threshold in the absence of P1 (GSP = -4.5 kcal/mol, eMSP = -39.6 kcal/mol) and presence of P1 

(GSP = -6.3 kcal/mol, eMSP = -36.1 kcal/mol) indicating that flucloxacillin would be inactive for 

B*57:01. However, when the XP scoring function was used, the DS and eM scores were 

significantly lower than the threshold in absence of P1 (GXP = -8.8 kcal/mol, eMlXP = -51.8 

kcal/mol), but in the presence of P1 the measured DS passed our threshold while the eM score 
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was greater than zero (GXP = -8.1 kcal/mol). This result indicates that flucloxacillin is a B*57:01 

active compound in the absence of P1. One possible reason for this divergence in the prediction 

results may arise from the fact that the XP scoring function could more accurately account for 

the flexible β-lactam subunit in flucloxacillin.65–68 Another possibility is that the ideal binding 

location of flucloxacillin is located in a different region of the binding pocket (as indicated by 

superimposition). These peculiar results for flucloxacillin and simvastatin (XP + P1) may 

indicate a severe limitation of using molecular docking for such complicated three part systems 

(protein, ligand, and co-binding peptide). 

Finally, the binding mode of flucloxacillin was further investigated using the XP scoring 

function with and without peptide P1 (see Figures 2.10B and 2.10C). There are very significant 

differences in the binding mode indicating that the binding location in B*57:01 most likely 

occurs in a different region of the pocket than where the docking grid was generated using 

abacavir. More specifically, in the absence of P1, H-bonding is observed between ASH114 and 

the carboxylate group and between SER116 and the amide linker; π-π stacking also occurs 

between TYR123 and the isoxazol moiety (Figure 2.10B). However, when docking with P1 the 

ligand-residue interactions change drastically (in addition to the global orientation of the ligand). 

As shown in Figure 2.10C, the H-bonding of SER116 now occurs with the carboxylate group, 

whereas π-π stacking occurs between TYR99 and the 2-chloro-6-fluoro-phenyl group. 

Consequently, the position of flucloxacillin has shifted in the protein pocket. These significant 

variations in flucloxacillin’s binding modes indicate that molecular dynamic studies will be 

needed in order to further investigate the potential binding mode(s) between B*57:01 and 

flucloxacillin.   



 

32 

 

Figure 2.9.    Binding mode of Pazopanib in 3VRI. (A) Alignment of pazopanib from SP and XP 

scoring functions with and without peptide P1. SP (-) P1 is shown as purple, SP (+) P1 is shown 

as blue, XP (-) P1 is shown as green, and XP (+) P1 is shown as orange. (B) 2D binding mode 

from SP (-) P1. (C) 2D binding mode from SP (+) P1. 
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Figure 2.10.  Binding mode of Flucloxacillin in 3VRI. (A) Alignment of flucloxacillin from SP 

and XP scoring functions with and without peptide P1. SP (-) P1 is shown as purple, SP (+) P1 is 

shown as blue, XP (-) P1 is shown as green, and XP (+) P1 is shown as orange. (B) 2D binding 

mode found from XP (-) P1. (C) 2D binding mode found from XP (+) P1. 
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2.4. CONCLUSIONS 

Herein, we conducted a molecular docking study of the HLA-B*57:01 variant using 

Glide’s SP and XP scoring functions. We were able to self-dock abacavir, an anti-HIV drug 

known to cause severe ADR via direct binding to B*57:01. After analyzing abacavir’s binding 

mode to B*57:01 in the presence and the absence of endogenous peptides, we determined that 

co-binding peptides play a significant role in the binding mode of drugs in HLA antigen binding 

cleft. Then, we docked a series of drugs known to trigger ADRs via direct HLA interactions and 

we found that drugs like carbamazepine, fenofibrate, pazopanib, and simvastatin are predicted to 

have some binding interactions with the HLA-B*57:01 variant. A full summary of our modeling 

results is provided in Figures 2.11 & 2.12 for both SP and XP scoring functions respectively. 

Reliably predicting whether a drug candidate is likely to be an HLA binder at a given 

variant constitutes a potentially valuable knowledge in evaluating the likelihood of an associated 

ADR event in a subpopulation of patients. Future work will focus on the B*57:01 screening for 

the entire DrugBank database 74 which includes over 7,000 drugs and drug candidates to identify 

unknown drug-HLA interactions. Since we showed that endogenous peptides have a significant 

impact in the binding mode of drugs with HLA, it is still unclear how the peptide changes 

conformations in response to different drugs, and this is a clear limitation of molecular docking 

with rigid peptides. Therefore, we plan to conduct peptide self- and cross- docking 68 in the HLA 

binding cleft as well as molecular dynamics simulations with peptides P1, P2, and P3 to monitor 

and analyze the dynamic variations of the binding interactions between different peptides, 

different drugs, and B*57:01. However, as demonstrated in this study, molecular docking 

represents a fast and reliable cheminformatics technique to forecast drug-HLA interactions. This 

is critical to screen large datasets of chemicals towards thousands of HLA variants and determine 

whether a particular drug has a ‘best-binding’ peptide partner that is unique given a particular 

HLA variant.  
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Figure 2.11.  Docking results summary across all three crystals (PDB: 3VRI, 3VRJ, 3UPR) 

using the SP scoring function with and without peptides P1, P2, and P3.  

 

 

Figure 2.12.  Docking results summary across all three crystals (PDB: 3VRI, 3VRJ, 3UPR) 

using the XP scoring function with and without peptides P1, P2, and P3.  
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CHAPTER 3 SUMMARY 

Background: Idiosyncratic adverse drug reactions (ADR) have been linked to a drug’s 

ability to bind with a human leukocyte antigen (HLA) protein. However, due to the thousands of 

HLA variants and limited structural data for drug-HLA complexes, predicting a specific drug-

HLA combination represents a significant challenge. Recently, we investigated the binding mode 

of abacavir with the HLA-B*57:01 variant using molecular docking. Herein, we developed a 

new ensemble screening workflow involving three X-ray crystal derived docking procedures to 

screen the DrugBank database and identify potentially HLA-B*57:01 liable drugs. Then, we 

compared our workflow’s performance with another model recently developed by Metushi et al., 

which proposed seven in silico HLA-B*57:01 actives, but were later found to be experimentally 

inactive. 

Method: After curation, there were over 6,000 approved and experimental drugs 

remaining in DrugBank for docking using Schrodinger’s GLIDE SP and XP scoring functions. 

Docking was performed with our new consensus-like ensemble workflow, relying on three 

different X-ray crystals (3VRI, 3VRJ, and 3UPR) in presence and absence of co-binding 

peptides. The binding modes of HLA-B*57:01 hit compounds for all three peptides were further 

explored using 3D interaction fingerprints and hierarchical clustering. 

Results: The screening resulted in 22 hit compounds forecasted to bind HLA-B*57:01 in 

all docking conditions (SP and XP with and without peptides P1, P2, and P3). These 22 

compounds afforded 2D-Tanimoto similarities being less than 0.6 when compared to the 

structure of native abacavir, whereas their 3D binding mode similarities varied in a broader range 

(0.2-0.8). Hierarchical clustering using a Ward Linkage revealed different clustering patterns for 

each co-binding peptide. When we docked Metushi et al.’s seven proposed hits using our 

workflow, our screening platform identified six out of seven as being inactive. Molecular 

dynamic simulations were used to explore the stability of abacavir and acyclovir in complex with 

peptide P3. 

Conclusions: This study reports on the extensive docking of the DrugBank database and 

the 22 HLA-B*57:01 liable candidates we identified. Importantly, comparisons between this 

study and the one by Metushi et al. highlighted new critical and complementary knowledge for 

the development of future HLA-specific in silico models.  
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3.1. INTRODUCTION 

Adverse drug reaction (ADR) was defined by the World Health Organization (WHO) in 

1970 as “a response to a drug that is noxious and unintended and occurs at doses normally used 

in man for the prophylaxis, diagnosis or therapy of disease, or for modification of physiological 

function”. [1] ADRs are now classified into two basic categories: Type A (predictable) and Type 

B (idiosyncratic) [2–5]. Predictable ADR events are directly caused by drugs’ polypharmacology 

fand typically show a dose-dependent relationship; however, idiosyncratic ADRs are not 

dependent upon drug pharmacology and/or dose [2–5]. Idiosyncratic ADRs can be further 

divided into immune-mediated or non-immune mediated (metabolic idiosyncrasy) [4].  

Immune-mediated ADRs are rarely observed during clinical trials and are extremely 

challenging to forecast. Little is known about the exact mechanisms of actions initiating and 

propagating such type of ADRs. Importantly, advances in the field of pharmacogenomics have 

greatly increased our ability to prevent ADR events by determining patients’ genetic markers 

[6,7]. There are indeed several genetic markers associated  with a drug’s ability to cause ADR 

events: for instance, drug metabolizing proteins (cytochrome P450, CYP, glucose-6-phosphate 

dehydrogenase, G6PD, nucleoside diphosphate linked moiety X-type motif 15, NUDT15), drug 

transporter proteins (ATP-binding cassette, ABC, solute carrier organic anion transporter family, 

SLCO1B1) or antigen-presenting cells, APC (Human Leukocyte Antigen, HLA) [7]. Recently, 

significant associations between human leukocyte antigen (HLA) proteins and idiosyncratic 

ADRs have been identified [4–10]. 

Interestingly, HLA-mediated ADR events are less understood due to a variety of reasons. 

First, according to the IMGT/HLA database (http://www.ebi.ac.uk/ipd/imgt/hla/), there are over 

16,000 variants of HLA that have been reported so far [11]. Second, those variants occur at 

different frequencies in the general population. For example, a study conducted by Cao et al. [12] 

determined that the HLA-B*15:02 variant was only found in 0.2% of African-Americans and 

4.9% of Asian patients, whereas it was unobserved in Caucasians, Hispanics, and North 

American Natives. Meanwhile, when Cao et al. studied the HLA-A*31:01 variant, they found 

that this variant occurred in 0.8% of African-Americans, 3.1% of Asians, 3.2% of Caucasians, 

4.9% of Hispanics, and up to 7.8% of North American Natives who participated in the study 

[12]. The changing frequency of HLA alleles in the general population results in a third 

challenging observation: Binding promiscuity between HLA variants and drugs. For example, 

http://www.ebi.ac.uk/ipd/imgt/hla/
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Chung et al. identified a correlation between carbamazepine and the HLA-B*15:02 variant in a 

population of Han-Chinese patients who were suffering from Steven-Johnson Syndrome (SJS), 

an ADR event causing serious skin rashes [13]. Recently, Genin et al. identified another 

correlation between carbamazepine and the HLA-A*31:01 variant in Norther Europeans who 

were suffering from SJS as well [14]. Binding promiscuity is not only observed in drugs binding 

multiple HLA-variants, but also in HLA-variants binding multiple drugs. Perhaps the most well-

known example to date is HLA-B*57:01, which has been identified to bind with three drugs: 

abacavir which can cause the abacavir hypersensitivity syndrome (AHS), and flucloxacillin and 

pazopanib, which both cause drug induced liver injury (DILI)[8,9,15–18].There may also be a 

third type of binding promiscuity in HLA-complexes: Peptide binding promiscuity. To date, 

there are 17 crystal structure depositories of the HLA-B*57:01 variant in the PDB with four 

crystal structures containing abacavir and a unique co-binding peptide (PDB: 3VRI, 3VRJ, 

3UPR, and 5U98), there are seven crystal structures of HLA-B*57:01 with a co-binding peptide 

(PDB: 2RFX, 3X11, 3X12, 5T5M, 5T6W, 5T6X, and 5T6Y), and six crystal structures of HLA-

B*57:01 with co-binding peptide complexed to a T-cell (PDB: 3WUW, 3VH8, 5B38, 5B39, 

5T70, and 5T6Z [15,16,19–26]. Notably, of these 17 crystal structures there are nine unique co-

binding peptides indicating that when studying HLA-complexes one needs to consider HLA-, 

drug-, and peptide-binding promiscuity. Other examples of HLA-drug associations include the 

drug allopurinol which has been reported to cause SJS in patients with the HLA-B*58:01 variant 

[27,28]. Furthermore, HLA-bound drugs are believed to occur through three different 

mechanisms via an altered repertoire complex, a pharmacological interaction (p.i.) complex, or a 

hapten complex [5,29,30]. Clearly, due to the high number of HLA variants, their population-

specific frequency, drug promiscuity towards HLA binding (or vice versa), and numerous 

binding mechanisms the prediction of HLA-induced ADR events represents a serious challenge. 

In such context, the use of in silico modeling and screening techniques can provide great 

insight and guidance, especially when it comes to (i) identifying potential HLA binders among 

very large libraries of chemicals, (ii) prioritizing those predicted top binders for experimental 

confirmation, and (iii) understanding the molecular interactions those chemicals can form once 

docked in the HLA antigen-presenting pocket. Two research groups recently utilized such in 

silico techniques by employing 3D molecular docking to study the binding mode abacavir with 

HLA-B*57:01 and carbamazepine with HLA-B*15:02. Notably, Ostrov et al. [16] confirmed 
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abacavir’s binding mode with HLA-B*57:01 via X-ray crystallization (PDB: 3UPR); contrarily, 

Illing et al. [15] used two X-ray crystals of abacavir and HLA-B*57:01 (PDB: 3VRI, 3VRJ) to 

test molecular docking’s reliability prior to docking the interaction between carbamazepine and 

HLA-B*15:02. . However, in the absence of extensive experimental structural data, 

computational tools can still provide great insights. For example, the binding interactions of 

HLA-B*58:01 with allopurinol, HLA-A*31:01 and HLA-B*15:02 with carbamazepine, HLA-

B*14:02 with nevirapine, HLA-DRB1*07:01 with ximelagatran, and HLA-B*53:01 with 

raltegravir have all been studied through a combination of homology modeling and 3D molecular 

docking [31–38].  

Specifically, the study by Wei et al. [33] resulted in the development of a homology 

model of the HLA-B*15:02 variant that was later used by Zhou et al. [34] to elucidate a possible 

pharmacological interaction (p. i.) complex binding mode of carbamazepine with the HLA-

B*15:02 variant. Additionally, Zhou et al. were able to conduct molecular dynamic simulations 

(MDS) of the HLA-B*15:02-carbamazepine-T-cell signaling pathway [34]. A p. i. complex HLA 

signaling pathway occurs when a drug, or antigen, binds to the solvent exposed surface of the co-

binding peptide [5,30]; naturally, these types of interactions are relatively weak explaining why 

obtaining the crystal structure of such systems is extremely difficult.  

The X-ray structures solved by Ostrov et al. [16] (PDB: 3UPR) and Illing et al. [15] 

(PDB: 3VRI and 3VRJ) provided the research community with a fully solved binding mode for 

abacavir in complex with HLA-B*57:01. These crystals also revealed that abacavir binds in an 

altered repertoire mechanism. Such altered repertoire binding mechanisms occur when the drug 

slightly displaces the co-binding peptide by binding with the HLA peptide binding pocket [5,30]. 

Using these three crystals, modelers started developing computational models regarding such an 

altered repertoire binding mode. In 2015, Ho et al. [39] conducted a molecular docking study 

where they identified that flucloxacillin metabolites may also bind via an altered repertoire 

mechanism using the 3UPR X-ray crystal structure. Interestingly, flucloxacillin has also been 

proposed to bind via a hapten complex, through the formation of a covalent bond with either the 

co-binding peptide or HLA-B*57:01, as the presence of lysine residues have been shown to form 

covalent bonds with β-lactam chemical structures [40]. Another study by Yang et al. [41] cross-

docked abacavir with HLA-B*57:01 and several other HLA-variants to determine abacavir’s 

ability to bind multiple variants. Unfortunately, these docking studies were performed without a 
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co-binding peptide, even though the peptides have an impact on the binding conformation of 

abacavir. Recently, Metushi et al. [42] conducted a full in silico to in vitro screening of the ZINC 

database searching for activity at the HLA-B*57:01 variant. The authors used a combination of 

ligand-based screening and structure-based molecular docking to identify several compounds, 

with acyclovir predicted as most active, for experimental assays [42]. However, using a T-cell 

response based assay [43], it was determined that their predicted molecules were inactive 

towards HLA-B*57:01.  

In the absence of extensive HLA-related chemogenomics data in the public domain, the 

development of virtual screening models that can accurately forecast drug-HLA interactions is 

extremely difficult. As we noted in our proof-of-concept study [44], there appears to be an 

inconsistent application of the molecular docking methodology when studying HLA systems. 

Indeed, the literature tends to be rather scarce regarding the pre-processing of HLA protein 

variants prior to modeling as well as which considerations (if any) were made with regards to the 

co-binding peptide and its ability to stabilize the bound drug. Even a recent study by Urban et al. 

[45] underlined the importance of taking into consideration the co-binding peptide in their 

analysis of HLA-B*35:02 and minocycline. Undoubtedly, the modeling of HLA-drug 

interactions is still in its infancy and the development of more insightful and predictive models is 

needed [46]. 

 In our recent study [44], we explored the complex intermolecular interactions between 

the binding pocket of HLA-B*57:01, the co-binding drug abacavir, and three co-binding peptides 

from the three available X-ray crystals (PDB: 3VRI, 3VRJ, 3UPR) by Illing et al [15] and Ostrov 

et al [16]. After conducting structural alignments of the individual components of our system 

(HLA-B*57:01 peptide binding pocket, bound abacavir, and co-binding peptide), we concluded 

that the most significant differences between binding pocket, abacavir, and peptide occurred 

from the peptide amino acid sequence [44]. Performing a peptide backbone alignment revealed 

that the 3D-structure of the peptide backbone was highly conserved [44]. We also conducted 

molecular docking using Glide from the Schrodinger Suite to self-dock abacavir with and 

without the three co-binding peptides P1 (PDB: 3VRI), P2 (PDB: 3VRJ), and P3 (PDB: 3UPR). 

Interestingly, we found that the co-binding peptide provided ~2 kcal/mol of stabilization as 

shown by their respective docking score (DS) and also proceeded to conserve the binding mode 

orientation of abacavir [44]. When docking was performed without co-binding peptide, abacavir 
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was observed in two stable binding modes, but when peptide was included in the docking 

procedure, there was only one stable binding mode remaining [44]. Next, we docked a small test 

set of predicted HLA-liable drugs including two HLA-B*57:01 actives: flucloxacillin and 

pazopanib [17,18]. Interestingly, our model was unable to identify either drug as active [44]. 

This result was believed to occur from three possible reasons: (i) our model was built using X-

ray crystals of abacavir in an altered repertoire binding mode causing our models to be biased 

towards drugs that have a highly similar binding orientation as abacavir (i.e., abacavir-specific), 

(ii) our test set of compounds did not contain the HLA-liable metabolites of flucloxacillin or 

pazopanib, and (iii) the binding affinity of these compounds could be peptide-specific [44].  

Herein, using all these recent insights into modeling drug-HLA interactions, this new 

study aims at developing and testing an ensemble docking platform [44] to screen the entire 

DrugBank database for potentially HLA-B*57:01 liable compounds that are currently unknown 

and/or untested. At the time of this study, the DrugBank database contained 7,000 approved, 

withdrawn, investigational, and experimental drug compounds for download [47]. Due to limited 

experimental data for model validation, we developed and applied a three-tiered docking 

protocol to predict potential HLA-B*57:01 liable compounds from DrugBank. First, docking 

was performed using peptide P1 (PDB: 3VRI) to identify all the P1 active compounds, then the 

P1 actives were screened against peptide P2 (PDB: 3VRJ), and finally, the P1 and P2 actives 

were screened against peptide P3 (PDB: 3UPR). Using this novel screening protocol, we 

identified several potentially HLA-B*57:01 liable compounds that have a highly similar binding 

mode with abacavir and shared activity for three co-binding peptides; thus, increasing the 

probability of our model to identify true HLA-B*57:01 binders. Overall, this novel virtual 

screening approach resembles a ‘consensus-like’ modeling workflow which has proven to be 

highly successful, as demonstrated by Ban et al. in the development of new androgen receptor 

inhibitors [48]. The development of reliable and inexpensive in silico models for the prediction 

of HLA-mediated ADRs is key for patient safety and the advancement of Precision Medicine. 

This new study attempts to demonstrate the usefulness of a novel molecular docking workflow 

for identifying HLA-B*57:01 liable compounds from the whole DrugBank database. 
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3.2. MATERIALS AND METHODS 

 3.2.1. Preprocessing of the DrugBank Database.  The compounds we used for our 

virtual screening targeting the HLA-B*57:01 variant were extracted from the DrugBank database 

(https://www.drugbank.ca/). DrugBank is a readily available online database that to-date 

contains well over 8,000 entries including FDA approved small molecule drugs, FDA approved 

biotech (protein/peptide) drugs, withdrawn drugs, and experimental drugs [47]. At the time of 

our study, there were only 7,097 compounds available for download. When performing any 

virtual screening analysis on such a large dataset, it is essential to ensure that the structural data 

has been thoroughly curated to avoid erroneous predictions [49–51]. After downloading the 

DrugBank database, we used the Knime Analytics Platform [52] to conduct data curation using 

the RDKit Normalization node [53]. The RDKit normalization node verifies the chemical 

correctness of imported structures by removing bad molecules, identifying fragments, removing 

unclear bond assignments, identifying erroneous and ambiguous stereo assignments and 

identifying atom clashes [53]. After normalization of the DrugBank database, we used ISIDA 

Duplicates to identify and remove duplicate compounds from the file [54]. This curated file was 

then further pre-processed using LigPrep from the Schrodinger Suite to generate the 3D 

coordinates of all the curated compounds in addition to exact protonation and tautomeric states at  

biological relevant pH (pH = 7 + 2) [55,56]. 

 

 3.2.2. Virtual Screening of DrugBank by 3D Molecular Docking.  In our previous study 

[44], we conducted an in-depth analysis of the capabilities of structure-based molecular docking 

as a reliable prediction tool for detecting HLA-B*57:01 liable compounds. Herein, using the 

three curated protein structures (PDB: 3VRI, 3VRJ, and 3UPR) [15,16], we integrated and 

applied our models into one consensus docking protocol towards the screening of the whole 

DrugBank database. Briefly, the protein structures were curated using the Schrodinger Suite’s 

Protein Preparation Wizard [55,57] where missing side chains were generated using PRIME [58–

60], tautomeric states generated with EPIK [61–63], and an overall energy minimization was 

performed with the OPLS3 force field [64]. Previously, we thoroughly investigated the binding 

environment for each X-ray crystal 3VRI, 3VRJ, and 3UPR and discovered that the co-binding 

peptide had a significant impact on a drug’s binding ability [44]. Furthermore, the co-binding 

peptides had very distinct amino acid sequences. The peptide from crystal 3VRI will be referred 

https://www.drugbank.ca/
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to as P1 (sequence: RVAQLEQVYI), the peptide from crystal 3VRJ will be referred to as P2 

(LTTKLTNTNI), and the peptide from crystal 3UPR will be referred to as P3 (HSITYLLPV).  

 Our molecular docking platform for screening a drug’s ability to bind the HLA-B*57:01 

variant was built upon our peptide-specific docking models using the three X-ray crystals 3VRI, 

3VRJ, and 3UPR. The docking workflow is illustrated in Figure 3.1. Molecular docking was 

conducted using GLIDE from the Schrodinger Suite and compounds were scored using both SP 

and XP scoring functions [65–68]. This consensus docking was conducted in the presence and 

absence of peptide using both SP and XP scoring functions [44]. Selected “active” compounds 

were determined using empirical thresholds for their associated docking score (DS) and eModel 

score (eM), where any active compound had a DS < -7 kcal/mol and an eM < -50 kcal/mol 

[44,69,70]. The reliability and variance for measured DS has been well-documented by Friesner 

et al. [68], but the variance for measured eM scores is unavailable because this parameter is 

strictly a theoretical measure of a ligand’s conformational stability. Though eM was used to 

determine if a compound was active, this scoring threshold was not used for direct comparison 

between compounds. As shown in Figure 3.1, tier 1 of our docking protocol consisted of 

docking compounds with crystal 3VRI and peptide P1; first, docking was conducted using the SP 

scoring function without peptide P1. Then after removing predicted non-binders (or inactives), 

docking of the remaining compounds was performed using the SP scoring function with peptide 

P1. Once more predicted non-binders were removed and the above procedure was repeated with 

the XP scoring function (XP – P1 and XP + P1). Prior to any round of docking, it is important to 

underline that duplicate compounds were removed to avoid introducing a conformational bias 

into our model and the remaining compounds were re-optimized as described in section 2.1. 

After the docking with X-ray crystal 3VRI was completed, the predicted binders (or active 

compounds) with peptide P1 were docked using the 3VRJ crystal in the presence and absence of 

peptide P2 (tier 2). The same approach used with 3VRI and P1 was used for docking with 3VRJ 

and P2. Finally, all the P1 and P2 predicted “active” drugs were docked with 3UPR and P3 (tier 

3). This consensus docking protocol produced a refined dataset of drugs with predicted binding 

modes for peptides P1, P2, and P3 with DS and eM scores that matched all our docking 

thresholds for determining a compounds’ binding potency towards HLA-B*57:01.   
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Figure 3.1.    Schematic of Virtual screening protocol used to molecular dock DrugBank. 

 

 3.2.3. Analysis of Predicted DrugBank HLA-B*57:01 Liable Compounds. After 

completing the consensus molecular docking using peptides P1, P2, and P3, the chemical space 

of predicted DrugBank HLA-B*57:01 liable compounds was explored. First, in order to 

understand the 2D-structural similarity of predicted actives with the known active abacavir, the 

MACCS fingerprints of all active compounds were computed [71]. Then, the pairwise Tanimoto 

similarity score was computed using the MACCS 166-bit fingerprint (T2D) with abacavir as the 

reference compound [72]. The Tanimoto similarity score was computed using Equation 3.1, 

                                                     Tc =
bc

b1+b2∗bc
      (Eq. 3.1).  

Where Tc is the Tanimoto similarity, b represents the number of computed bits that are shared by 

both compounds (bc), unique to molecule 1 (b1), and unique to molecule 2 (b2) [72].  

 However, because our docking workflow specifically identified compounds that were 

predicted to be HLA binders in presence of all three peptides P1, P2, and P3, we wanted to 

specifically examine and analyze the binding modes for those hit compounds. It has been 

reported that interaction fingerprints are appropriate to evaluate molecular docking performance 

due to their accurate representation of docking poses [73]. As such, the binding environment was 

analyzed by computing the 3D protein-ligand interaction fingerprints (TIF) between each drug 

and the amino acids of the antigen-binding pocket of HLA-B*57:01 [74,75]. These fingerprints 

notably take into account H-bond donor and -acceptor interactions, π-π stacking, electrostatics, 

and hydrophobic interactions [74,75]. Next, hierarchical clustering was performed, where the 
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distance matrix between drugs was measured using the Jaccard Distance Matrix as implemented 

in the R package vegan [76]. Then, the Ward Linkage [77] was used to measure the distance 

between groups as implemented in the R package gplots [78]. Finally, the binding modes of the 

hit compounds were inspected manually.  

 

 3.2.4. Comparison to Metushi et al. Model.  The study by Metushi et al. [42] identified 

seven compounds from their in silico analysis that we prepared for docking using LigPrep and 

EPIK. These compounds were docked using SP and XP scoring functions with peptides P1, P2, 

and P3 for direct comparisons with our model. Additionally, a recently published X-ray crystal 

structure (PDB: 5U98) from Yerly et al. [19] has identified a fourth peptide, P4 (VTTDIQVKV), 

that can bind with HLA-B*57:01 in the presence of abacavir. Notably, both peptides P3 and P4 

were incorporated into peptide binding affinity assays for HLA-B*57:01 in the presence of 

acyclovir [42].  

 After docking all of the Metushi et al. compounds in our model (and with peptide P4) we 

conducted molecular dynamic simulations to explore the stability of docked acyclovir with 

peptide P3. Additionally, molecular dynamic simulations were performed with abacavir and 

peptide P3 for a baseline comparison. Future molecular dynamic simulations with additional 

peptides and drug combinations are currently underway and will be discussed in a later 

publication. All molecular dynamic simulations were performed using Desmond as implemented 

in the Schrödinger Suite [79–81]. Systems were prepared in 10 X 10 X 10 Å buffered cubic box 

with a TIP3P solvent model. NPT simulations at 300K were then performed with an OPLS3 

force field [64,81–83] for 20 ns with a recording interval of 1 ps for both trajectory and energy 

calculation. Prior to each simulation, Desmond’s default relaxation protocol was performed to 

equilibrate the system of interest [79–81]. Molecular dynamic trajectories were then analyzed for 

protein, peptide, and ligand RMSDs and protein-ligand interactions using the Schrödinger suite. 

 

3.3. RESULTS AND DISCUSSION 

 3.3.1. Data Curation and Molecular Docking Workflow. This study was conducted 

using >7,000 approved and experimental drugs available in the DrugBank database [47]. Due to 

the high impact that non-standardized structural data can have upon a model’s predictive 

reliability and overall reproducibility, our first task was to clean and standardize the DrugBank 
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dataset [49–51] as described in the Method section. This resulted in a curated dataset of exactly 

6,094 compounds that were used for molecular docking targeting the HLA-B*57:01 variant. 

After generating biologically relevant protonation (pH = 7 + 2) and tautomeric states using 

LigPrep and EPIK [55,56,61,62], we obtained a total of 20,097 initial poses for docking at the 

HLA-B*57:01 variant. Again, molecular docking was performed using our new three-tiered 

workflow (where each tier represents the X-ray crystals 3VRI, 3VRJ, and 3UPR) relying on 

GLIDE and both SP and XP scoring functions from the Schrodinger Suite as described in 

Section 3.2.2 and shown in Figure 3.1 [65–68]. Docked drugs were considered to be HLA-

B*57:01 binders (or “active”) if the docked pose had a measured DS < -7 kcal/mol and an eM < -

50 kcal/mol [44,69,70,84]. 

 First, molecular docking was performed using the 3VRI crystal in the absence of P1 

using the SP scoring function (SP – P1). Initially, out of the 20,097 drug conformations 

considered for docking, only 15,044 entries were successfully docked using SP – P1 parameters. 

After applying our active selection thresholds (DS < -7 and eM < -50 kcal/mol), there were only 

2,931 conformations that remained. Next, duplicates were removed from the data set which 

resulted in 2,072 unique hit compounds under the SP – P1 condition (see Figure 3.2). Once 

duplicates were removed, the SP – P1 active compounds were once more subjected to LigPrep 

and EPIK optimization before being used in the SP + P1 round of docking. The removal of 

duplicates after each round of docking was performed to avoid docking of duplicate 

conformations. One assumption we wanted to avoid in our docking protocol was that the same 

conformation of a drug would be the same ‘active’ conformation in the presence of peptides P1, 

P2, or P3. Our previous study had shown that some drugs (e.g., pazopanib) would adopt different 

binding conformations in the presence or absence of a co-binding peptide [44]. Attempting to 

avoid this bias also required repetitive rounds of LigPrep and EPIK optimization steps to ensure 

that selected active compounds comprised all their relevant tautomeric and conformation states 

prior to the next step of docking. 
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Figure 3.2.    Screening of docked compounds to identify actives (DS < -7 kcal/mol and eM < -

50 kcal/mol). Data shown is from SP – P1 round of docking for 15,044 binding conformations. 

 

  Our docking protocol from tier 1 using crystal 3VRI and peptide P1, as shown in Figure 

3.1, identified 619 HLA-B*57:01 liable compounds using both SP and XP scoring functions 

when peptide P1 is the specific co-binding peptide. The second round of docking was performed 

using crystal 3VRJ which contained the co-binding peptide P2. Following the same sequential 

docking procedure (SP – P2, SP + P2, XP – P2, and XP + P2), we identified 75 drugs that passed 

our thresholds for both co-binding peptides P1 and P2 (Figure 3.1). The final stage of our 

consensus molecular docking used these 75 P1/P2 active drugs and docked them using crystal 

3UPR with co-binding peptide P3 (SP – P3, SP + P3, XP – P3, and XP + P3, see Figure 3.1). 

This last round of docking ultimately identified a rather small set of 22 approved, experimental 

or investigational drugs from DrugBank that passed all our docking thresholds in the presence 

and absence of peptides P1, P2, and P3.  

 The ideal docking study would have conducted complete and independent full screens of 

all DrugBank compounds towards all three crystals 3VRI, 3VRJ, and 3UPR without any removal 

of compounds until all docking scenarios would have been completed. However, this approach 

was determined to be computationally expensive (especially with the XP scoring function) and is 

believed to have resulted in a very similar outcome as our consensus docking protocol was 
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reasonably strict (if only predicted active drugs at all three peptides were selected). Furthermore, 

only drugs that were forecasted as binders in the presence of all three peptides would be 

considered as ‘active’ because these compounds would most closely resemble the binding mode 

of abacavir in HLA-B*57:01 and our model’s applicability domain [44].  

 

 3.3.2. Analysis of 22 Predicted HLA-B*57:01 Liable DrugBank Compounds. Twenty-

two potential HLA-B*57:01 binders were identified using the molecular docking protocol. First, 

we plotted the docking scores (DS) of these compounds and analyzed their variations based on 

the type of co-binding peptides. The Pearson correlation coefficients [85] between all docking 

scores are given in Figure 3.3; a similar analysis was also done for eM scores (see Appendix 

Figure B1). Interestingly, when either the SP or XP scoring function was used with peptide P1, 

there was a reasonable correlation (R > 0.65) when the same scoring functions were used with 

peptides P2 or P3; however, when the SP scoring function was used for peptides P2 and P3, the 

observed Pearson correlation was greater than 0.8. For example, the Pearson correlation 

coefficient was approximately zero between XP + P1 and XP + P2 DS results and was 0.4 when 

measured between the XP + P1 and XP + P3 results (Figure 3.3). The best correlation was 

observed between the SP + P2 and SP + P3 DS results with a measured Pearson coefficient of 

0.8 (Figure 3.3). There was a high degree of observed correlations between docking conditions 

for measured eM scores (Appendix Figure B1). 
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Figure 3.3.    Pearson correlation matrix between active compounds from molecular docking 

filters. (Plot generated using R with CorrPlot (ellipse method).  

 

 The DrugBank database includes chemicals classified under various categories [47]: 

approved, investigational, illicit, and experimental. The docking platform identified 22 active 

compounds with two drugs being fully approved (Roflumilast and Ramosetron), two drugs that 

were flagged as approved and investigational (Clofarabine and Nelarabine), one drug that was 

flagged as approved, investigational, and illicit (Zaleplon), two drugs that were solely 

investigational (Isatoribine and Tecadenson), and 15 drugs that are considered experimental. 

Table 3.1 provides information regarding those 22 hit drugs from our screening sorted by their 

DrugBank IDs along with their generic and/or IUPAC name and T2D similarity coefficient 

towards abacavir.  

Overall, our screening protocol interestingly identified potential HLA-B*57:01 

compounds with a low degree of similarity with abacavir. To examine this structural 

dissimilarity, we built a similarity matrix based on compounds’ MACCS keys and using abacavir 

as the active reference probe (Table 3.1). When the pairwise Tanimoto similarity score (the 

closer to 1, the most similar) was calculated between abacavir and all the 22 hits, we observed 

the resulting 2D similarity coefficients ranging from 0.18 to 0.62. The least similar compound 
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was DB02984, an experimental drug; whereas the most similar compound was DB00631 

(clofarabine), an approved anti-cancer agent. 

 Next, the DS and eM distributions of the 22 predicted drugs were analyzed for peptides 

P1, P2, and P3. These distributions using the XP + Pn condition, where n is equal to 1, 2, or 3 

respective to the co-binding peptide, are provided in Figure 3.4. Interestingly, there are four 

drugs affording DS between -9 and -7 kcal/mol, 12 drugs with DS between -10 and -9 kcal/mol, 

five drugs with DS between -11 and -10 kcal/mol, and only one drug reaching a DS between -12 

and -11 kcal/mol (DB08485) as shown in Figure 3.4A. The eM distributions were more 

conserved as 10 of the drugs had eM values ranging from -60 to -50 kcal/mol, only 9 drugs were 

found in the range of -70 to -60 kcal/mol, and three drugs had eM scores within the range of -80 

to -70 kcal/mol (Figure 3.4B). When P2 was employed for docking, half of the drugs (11 out of 

22) were observed with a DS ranging from -9 to -7 kcal/mol, six drugs had DS between -10 to -9 

kcal/mol, three drugs had DS between -11 and -10 kcal/mol, and two drugs (DB04954 and 

DB07151) had DS between -12 and -11 kcal/mol (Figure 3.4C). Twelve drugs afforded eM 

scores ranging from -60 to -50 kcal/mol, six drugs were observed with eM scores between -70 

and -60 kcal/mol, three drugs with eM scores between -80 and -70 kcal/mol, and one drug 

(DB01048) with an eM score between -90 and -80 kcal/mol (Figure 3.4D). These distributions 

resemble those observed for peptide P1, even though there are slightly less compounds affording 

the lowest DS and eM scores. Interestingly, the distributions were significantly altered when 

docking with peptide P3. There were six drugs with DS between -9 and -7 kcal/mol, seven drugs 

with DS between -10 and -9 kcal/mol, six drugs with DS between -11 and -10 kcal/mol, and 

three drugs (DB04860, DB07151, and DB08485) with DS between -12 to -11 kcal/mol (Figure 

3.4E). There were 18 drugs with a measured eM score between -70 and -50 kcal/mol, three drugs 

with eM scores between -80 and -70 kcal/mol, and one drug (DB01048) with an eM score 

between -100 and -90 (Figure 3.4G). All XP + Pn DS values are provided in Table 3.2 and DS 

and eM scores under all conditions are available in Appendix Table B1 and B2, respectively.  
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Table 3.1.    Twenty-two predicted HLA-B*57:01 drugs from DrugBank (with abacavir, 

DB01048) and measured T2D Similarity scores using abacavir as the reference compound. 

DATABASE_ID GENERIC_NAME Class T2D 

DB00631 
 

Clofarabine 
 

Approved; 

Investigational 
0.62 

 

DB00962 

 
 

Zaleplon 

 
 

Approved; 

Illicit; 

Investigational 

0.49 

 
 

DB01048 
 

Abacavir 
 

Approved; 

Investigational 
1.00 

 

DB01280 
 

Nelarabine 
 

Approved; 

Investigational 
0.61 

 

DB01656 Roflumilast Approved 0.35 

DB09290 Ramosetron Approved 0.48 

DB04860 Isatoribine Investigational 0.55 

DB04954 Tecadenoson Investigational 0.61 

DB01959 
 

3,5-Dimethyl-1-(3-Nitrophenyl)-1h-Pyrazole- 

4-Carboxylic Acid Ethyl Ester 

Experimental 
0.36 

 

DB02096 FR221647 Experimental 0.60 

DB02407 6-O-Cyclohexylmethyl Guanine Experimental 0.58 

DB02502 8-Hydroxy-2'-Deoxyguanosine Experimental 0.60 

DB02984 
 

4-[3-Methylsulfanylanilino]- 

6,7-Dimethoxyquinazoline 

Experimental 
0.35 

 

DB03365 4-[3-Hydroxyanilino]-6,7-Dimethoxyquinazoline Experimental 0.42 

DB03749 
 

4-(1h-Imidazol-4-Yl)-3-(5-Ethyl-2,4-Dihydroxy-

Phenyl)-1h-Pyrazole 

Experimental 
0.40 

 

DB03807 
 

1-(2-Chlorophenyl)-3,5-Dimethyl-1h-Pyrazole-4-

Carboxylic Acid Ethyl Ester 

Experimental 
0.40 

 

DB04518 
 

3-[4-(2,4-Dimethyl-Thiazol-5-Yl)-Pyrimidin-2-

Ylamino]-Phenol 

Experimental 
0.46 
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Table 3.1 (Continued). 

DB04769 5-quinoxalin-6-ylmethylene-thiazolidine-2,4-dione Experimental 0.35 

DB07051 
 

3,5-dimethyl-1-phenyl-1H-pyrazole-4-carboxylic acid 

ethyl ester 

Experimental 
0.43 

 

DB07151 
 

4-(4-hydroxy-3-methylphenyl)-6-phenylpyrimidin-

2(5H)-one 

Experimental 
0.32 

 

DB08048 
 

4-(6-hydroxy-1H-indazol-3-yl)benzene-1,3-diol Experimental 0.37 
 

DB08485 

 
 

(1S,4S,5S)-1,4,5-trihydroxy-3-[3-(phenylthio) 

phenyl]cyclohex-2-ene-1-carboxylic acid 

Experimental 0.19 
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Figure 3.4.    DS and eM distributions for the 22 active compounds using the XP + Pn condition 

(where n is equal to 1, 2, or 3 depending on the peptide utilized in docking). (A) Distribution of 

XP + P1 DS, (B) distribution of XP + P1 eM scores, (C) Distribution of XP + P2 DS, (D) 

distribution of XP + P2 eM scores, (E) Distribution of XP + P3 DS, (F) distribution of XP + P3 

eM scores. 
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Table 3.2.    Docking scores (DS) of 22 active compounds identified from screening of 

DrugBank. The top-5 binders for each docking condition (XP + P1, XP + P2, and XP + P3) are 

in bold. 

DRUGBANK 

ID 

DS 

XP + P1 

DS 

XP + P2 

DS 

XP + P3 

DB00631 -8.06 -8.61 -7.98 

DB00962 -9.46 -8.02 -9.14 

DB01048 -9.60 -9.20 -10.06 

DB01280 -9.29 -8.86 -10.18 

DB01656 -9.79 -9.74 -9.45 

DB09290 -10.20 -8.44 -8.84 

DB04860 -9.42 -10.47 -11.22 

DB04954 -9.65 -11.05 -10.54 

DB01959 -9.02 -8.62 -9.14 

DB02096 -9.90 -9.21 -9.10 

DB02407 -9.20 -7.36 -7.79 

DB02502 -9.81 -8.99 -10.29 

DB02984 -10.60 -8.26 -8.20 

DB03365 -9.81 -10.00 -10.17 

DB03749 -8.61 -9.01 -8.87 

DB03807 -10.52 -8.53 -9.73 

DB04518 -10.40 -9.32 -9.63 

DB04769 -8.87 -10.10 -10.22 

DB07051 -9.69 -9.23 -9.28 

DB07151 -10.58 -11.04 -11.25 

DB08048 -7.75 -8.32 -8.79 

DB08485 -11.25 -7.57 -11.51 
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 3.3.3. Hierarchical Clustering of the Top-22 Predicted HLA-B*57:01 Liable DrugBank 

Compounds.  After docking was completed, the binding modes of the 22 predicted HLA-

B*57:01 liable DrugBank compounds were analyzed using interaction fingerprints due to their 

accurate representation of docking poses [73]. The respective binding modes of proposed active 

drugs were analyzed using 3D protein-ligand interaction fingerprints, which map out the 

intermolecular interactions between the ligand and protein binding pocket [74,75]. This type of 

fingerprint can be further used to generate an interaction fingerprint Tanimoto (TIF) similarity 

coefficient by comparing the interaction fingerprints of the 22 predicted active drugs versus that 

of the native binding mode of abacavir. 

Once the interaction fingerprints were generated for all 22 predicted HLA-B*57:01 

compounds, we conducted a hierarchical clustering using those fingerprints as input descriptors; 

distances between compounds were measured with a Jaccard distance index as implemented by 

the vegan package in R [76] and distances between clusters were measured using a Ward linkage 

as implemented by the gplots package in R [77,78]. The hierarchical clustering results using the 

binding modes from XP + P1 docking are provided in Figure 3.5. There were six observed 

clusters of compounds on the dendrogram. Cluster 1 contained two compounds (DB03807 and 

DB07051), Cluster 2 consisted of six compounds (DB04954, DB003365, DB04769, DB02984, 

DB01959, and DB07151), Cluster 3 had two compounds (DB08048 and DB00631), Cluster 4 

also had two compounds (DB02502 and DB03749), Cluster 5 included four DrugBank 

compounds and native abacavir (native abacavir, DB01048, DB02407, DB04860, and 

DB01280), and Cluster 6 had six compounds (DB041518, DB01656, DB09290, DB02096, and 

DB00962).  
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Figure 3.5.    Drug binding mode fingerprint similarity matrix clustered using the Ward 

algorithm. Red indicates a low tanimoto similarity (0-0.3), yellow indicates moderate tanimoto 

similarity (0.3-0.7), and green indicates high tanimoto similarity (0.7-1.0).   

 

Interestingly, there were four DrugBank compounds clustered with native Abacavir in 

Cluster 5 (DB01048, DB02407, DB04860, and DB01280). DB01048 is the actual DrugBank ID 

for abacavir. This indicates that from a database of 7,000 compounds, our docking platform 

could successfully re-identify this drug as HLA-B*57:01 binder. However, TIF between the two 

binding modes is not exactly 1.0 because the hydroxyl group of abacavir from DrugBank is not 

H-bonding with TYR74 (like the actual native abacavir); furthermore, the measured RMSD 

between native abacavir and DB01048 is 1.11Å, which occurs due to differing orientations of the 

cyclo-pent-2-en-yl-methanol functional groups. This conformational difference is a result of the 

flexible binding mode of abacavir. Previously, we reported that the hydroxyl group could H-

bond with the ALA3 backbone of peptide P1 [44]. Clearly, molecular dynamic simulations are 

needed to further investigate the preferred binding orientation of the hydroxyl group of abacavir. 

The closest cluster to Cluster 5 was Cluster 6, which contained six compounds that had TIF 

ranging from 0.5 to 0.7; the furthest cluster from Cluster 5 was Cluster 1, which contained two 

compounds with TIF less than 0.5 (Figure 3.5). Notably, Clusters 1-4 had low measured TIF 

values when compared to the binding mode of native abacavir.  



 

67 

Unexpectedly, when hierarchical clustering was conducted using the interaction 

fingerprints from peptides P2 and P3, the same drugs were not clustered together (Appendix 

Figures B2 and B3). Clustering with peptide P2 revealed that only abacavir and DB01048 

(DrugBank abacavir) were clustered together (Appendix Figure B2); P3 clustering resulted in 

the drugs DB00962, DB04954, and DB01048 all clustering with abacavir (Appendix Figure 

B3). Clearly, these results demonstrated again that the co-binding peptide is extremely important 

in a drug’s ability to bind with HLA-B*57:01. The binding modes of the clustered drugs from 

XP + P1 screening were then selected for further analysis and comparison with the XP + P2 and 

XP + P3 screening results.  

The compounds from Cluster 5 (abacavir (native), DB01048, DB01280, DB02407, and 

DB04860) were superimposed (Figure 3.6A) in the binding pocket of HLA-B*57:01 and their 

respective protein-ligand interactions were analyzed (Figure 3.6B-3.6E). The same set of drugs 

was superimposed in the HLA-B*57:01 binding pocket from XP + P2 (Appendix Figure B4A) 

and XP + P3 (Appendix Figure B5A) screening. Additionally, the binding modes of these same 

drugs were analyzed with peptides P2 and P3, Appendix Figures B4B-E and B5B-E, 

respectively.  
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Figure 3.6.    Three compounds determined most likely to be active from Ward clustering using 

interaction fingerprint (DB01280, DB02407, and DB04860). (A) Superimposition of clustered 

drugs, abacavir (red), DB01048 (abacavir from DrugBank, orange), DB01280 (purple), 

DB02407 (green), and DB04860 (blue). Binding modes of (B) native abacavir (PDB: 3VRI), (C) 

DB01280, (D) DB02407, and (E) DB04860 with the measured DS and eM scores from XP + P1 

docking. The binding mode of DB01048 is not shown. 
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The 3D superimposition revealed that these top drugs occupy similar binding domains as 

abacavir in the HLA-B*57:01 binding pocket. Interestingly, the three top performing drugs share 

a significant number of structural similarities with native bound abacavir from X-ray crystal 

3VRI. Notably, two of the clustered drugs (DB01280 and DB02407) share the same purine 

scaffold as abacavir with key substitutions occurring at the six and nine positions of the purine 

ring. The six position of abacavir has a cyclopropylamino functional group, while the nine 

position has a cyclopent-2-en-yl-methanol functional group. These differing functional groups 

have a significant impact upon the observed binding modes of each drug in the pocket. For 

example, the methanol substituent of abacavir provides H-bonding with TYR74, while the purine 

scaffolding provides several H-bonds with ASH114 (neutral ASP), SER116, and ILE124; 

additionally, the purine scaffold provides stabilization via π-π stacking with TRP147 (Figure 

3.6B). These same AA interactions are observed in the binding modes of native abacavir with P2 

(PDB: 3VRJ) and P3 (PDB: 3UPR), respectively (Appendix Figures B4B and B5B).  

Compound DB01280 (nelarabine) shares the same AA interactions as abacavir, but has 

key substitutions at the six and nine positions of the purine scaffold, see Figure 3.6C. DB01280 

(nelarabine) has a methoxy functional group at the six position and an alcohol functionalized 

tetrahydrofuran ring (ribose) at the nine position. The computed DS for DB01280 (nelarabine) 

was as low as -9.3 kcal/mol, while the computed eM score was -59.2 kcal/mol indicating that 

DB01280 could be predicted to be an HLA-B*57:01 liable compound (Table 3.2). The binding 

mode of DB01280 with peptide P2 is similar, but is missing two key H-bonds with ILE124 and 

TYR74. However, a hydroxyl group from the ribose ring does form an H-bond with the LEU5 

peptide backbone of P2, Appendix Figure B4C. This results in a slightly worst DS of -8.9 

kcal/mol, but an extremely favorable eM of -75.0 kcal/mol. When DB01280 (nelarabine) was 

docked with P3, the DS was extremely favorable too with a value as low as -10.2 and eM of -

62.0 kcal/mol. This increased stability most likely results from additional H-bonding of the 

ribose ring, Appendix Figure B5C. DB01280’s (nelarabine) ribose ring is observed to H-bond 

with LEU5 of P3, but also has H-bonding with TYR74 occurring with the O-heteroatom of the 

tetrahydrofuran scaffolding. Interestingly, Cohen et al. reported in 2008 the observance of grade 

3 and 4 ADR events resulting in hematologic and neutrophil toxicity during a clinical trial [86]. 

As DB01280 is a chemotherapy drug used in the treatment of acute T-cell lymphoblastic 
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leukemia, it is likely that this drug’s ADRs are mainly due to its overall cytotoxicity and any 

association with HLA is unclear at this point. 

The experimental drug, DB02407, also has a purine scaffolding like abacavir, but has 

significant functional group deviations at the six and nine positions. The six position contains a 

cyclohexylmethoxy functional group which is sterically much larger than abacavir’s 

cyclopropylamino substituent. Additionally, the nine position of DB02407 is protonated which 

prevents it from reaching the TYR74 residue; however, the ligand-protein AA interactions 

surrounding the purine scaffold are conserved between abacavir and DB02407, see Figure 3.6D. 

Even with the missing H-bond, the measured DS and eM scores were extremely favorable for 

DB02407, -9.2 and -66.5 kcal/mol, respectively (Table 3.2). However, when docking was 

performed using P2 or P3, the computed DS were less favorable (though still passing our 

threshold) at -7.4 and -7.8 kcal/mol for P2 and P3, respectively. Interestingly, the AA 

interactions between abacavir and DB02407 are conserved surrounding the purine scaffold for 

both P2 and P3, Appendix Figures B4D and B5D. However, the decrease in DS most likely 

results from the increased steric hindrance from the cyclohexylmethoxy substituent. DB02407 is 

currently an experimental drug and there is no additional indication provided by DrugBank; as 

such, no ADR reports are available for this drug. 

The last drug identified as a top performer from the (XP + P1) clustering results was the 

compound DB04860 (isatoribine). Instead of a purine scaffolding, DB04860 (isatoribine) has an 

oxoguanine scaffold where the seven position N-heteroatom is a S-heteroatom. A key difference 

between a purine scaffold and an oxoguanine scaffold is that the six and eight position carbons 

are fully oxidized carbonyl groups. Additionally, the nine position has an alcohol substituted 

tetrahydrofuran ring (or ribose) like DB01280 (nelarabine). Interestingly, when docking with P1, 

H-bonds are conserved with ASH114, ILE124, and TYR74, but the H-bond with SER116 is lost 

due to protonation of the five position N-atom. Additionally, the π-π stacking that was observed 

with purine scaffolds and TRP147 is no longer present, Figure 3.6E. Notably, the loss of π-π 

stacking does not appear to significantly impact the binding mode stability as the measured XP 

DS and eM scores were still extremely favorable when docking with P1 at -9.4 and -55.0 

kcal/mol, respectively (Table 3.2). Interestingly, when docking with P2 or P3 was performed, 

the H-bond with ILE124 was no longer observed, but H-bonding was observed between 

hydroxyl groups of the ribose ring and LEU5 of P2 and TYR5 of P3. Additionally, the O-
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heteroatom of the tetrahydrofuran substructure of the ribose ring was observed to H-bond with 

TYR74 when docking with P3, Appendix Figures B4E and B5E. Overall, DB04860 

(isatoribine) afforded extremely favorable XP docking results with HLA-B*57:01 when docked 

with P2 (DS: -10.5 kcal/mol, eM: -64.6 kcal/mol) and P3 (DS: -11.2 kcal/mol, eM: -53.2 

kcal/mol). The drug, DB04860, is an investigational drug used in the treatment of hepatitis C, but 

was discontinued during clinical trials in 2007 as a prodrug due to overt immunostimulation [87].  

Interestingly, the measured TIF similarities from interaction fingerprints compared to 

native abacavir’s binding mode varied significantly for each peptide as well. When P1 was used, 

the TIF similarity ranged from 0.2 to 1.0, while both P2 and P3 had the most dissimilar 

compounds with TIF similarities of 0.4 or greater. These drastic changes in measured TIF likely 

occur from slight changes in the binding pocket caused by different co-binding peptides P1, P2, 

and P3. Future studies will attempt to explore this possibility using molecular dynamics and 

Schrodinger’s peptide docking procedure implemented by GLIDE [88]. All the computed TIF 

similarity scores derived from drug interaction fingerprints (using native abacavir as the 

reference compound) are provided in Appendix Table B3 for peptides P1, P2, and P3.  

Unexpectedly, when we began looking at the most dissimilar binding modes of 

DrugBank compounds compared to abacavir’s docking pose, we found that the TIF similarity 

scores were peptide-dependent. For example, DB00631 (clofarabine) was determined to have the 

least similar binding mode with abacavir for the XP + P1 screening with a TIF similarity score of 

0.24 (Appendix Table B3) and a T2D similarity score of 0.62 (Table 3.1). However, when XP + 

P2 or XP + P3 screenings were performed, this same compound afforded significantly higher 

similarity scores of 0.68 and 0.75, respectively. Strangely, when DB00631’s (clofarabine) 

binding mode from XP + P1 was superimposed with the XP + P2 or XP + P3 clofarabine binding 

modes the measured RMSD was 1.6 and 1.2 Å, respectively; while the superimposition of the 

XP + P2 and XP + P3 binding modes had a measured RMSD of 0.8 Å. Clearly, the binding 

conformation of DB00631 was impacted by the co-binding peptide. DB00631 (clofarabine) is an 

anticancer agent especially used to treat leukemia. Bonate et al. and others reported the 

observance of several ADRs including febrile neutropaenia and hypotension [89], but these are 

classical ADRs for such chemotherapy drugs. Unclear is if any HLA-mediated ADR has ever 

been observed with this drug. 
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Next, we superimposed DB00631 (clofarabine) with abacavir and analyzed the 

individual binding modes of clofarabine (Figure 3.7). Interestingly, the chemical scaffold of 

DB00631 shares the same purine subunit as abacavir, but has key differences in functional group 

placement at the two and six position. Unlike abacavir, the attached amino group is not at the 

two position, but is instead at the six position; the two position of the purine scaffold, in fact, has 

a chlorine atom present. Like the compounds DB01280 (nelarabine) and DB04860 (isatoribine), 

DB00631 (clofarabine) has a ribose like group attached at the nine position of the purine ring, 

but instead of a hydroxyl group attached to the two position of the tetrahydrofuran ring there is a 

fluorine atom. These small differences result in significant binding mode differences with 

peptide P1.  

Superimposition between abacavir and DB00631 (clofarabine) with P1 revealed that 

there is minimal overlap between the binding modes of these two drugs (Figure 3.7A): only π-π 

stacking with TRP147 and H-bonding with ASH114 are conserved with the purine scaffold 

(Figure 3.7B). Interestingly, H-bonding with ILE124 is not observed due to the substitution of a 

chlorine atom at the two position of the purine scaffold. When P2 was incorporated in docking, 

the superimposition revealed that abacavir and DB00631 occupied similar binding domains as 

shown in Figure 3.7C. Under these conditions, H-bonding with SER116 is regained while there 

is also H-bonding with LEU5 of P2 (Figure 3.7D). Analogous to docking with P2, 

superimposition of DB00631 and abacavir when docked with P3 revealed a conserved binding 

mode and H-bond stabilization provided by TYR5 or P3, Figures 3.7E and 3.7F.  Interestingly, 

the measured DS were -8.0 kcal/mol for both P1 and P2, while DS was observed to be -8.6 

kcal/mol. This indicates that even though the binding location of DB00631 fluctuates with 

different peptides, the overall binding affinity is conserved.  
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Figure 3.7.    Binding mode analysis of the most dissimilar DrugBank compound, DB00631 

(Purple), from abacavir (Yellow) identified using XP + P1 screening. (A) Superimposition of 

abacavir and DB00631 from XP + P1 screening with P1 shown in red, (B) XP + P1 binding 

mode of DB00631, (C) Superimposition of abacavir and DB00631 from XP + P2 screening with 

P2 shown in green, (D) XP + P2 binding mode of DB00631, (E) Superimposition of abacavir 

and DB00631 from XP + P3 screening with P3 shown in blue, (F) XP + P3 binding mode of 

DB00631. 

 

The most dissimilar drug when using interaction fingerprints from the P2 screening was 

DB04954 (tecadenoson) which has a TIF similarity of 0.42. Interestingly, TIF similarity was only 

slightly increased to 0.56 when docking with peptide P1, but when docked with P3 this drug had 

a highly similar binding mode as abacavir with a TIF similarity score of 0.81 (these binding 
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modes are not provided). The observed 2D-similarity between the DB04954 (tecadenoson) and 

abacavir scaffolds was 0.61 (Table 3.1). This compound was observed to have very favorable 

DS under all docking conditions with DS ranging from -9 to -11 kcal/mol (Table 3.2). DB04954 

is an investigational drug used in the treatment of arrhythmia and atrial fibrillation, but has been 

reported with mild ADR events of headaches, chest pain, and hypesthesia [90,91]. These mild 

ADRs are common drug side-effects and it is unclear if these symptoms are caused by a HLA-

mediated pathway. 

When docking with P3, the most dissimilar binding mode, when compared to abacavir, 

was DB08048 (an experimental drug) with a TIF similarity of 0.55. However, when docking with 

P1, the observed TIF was as low as 0.30, whereas the similarity when docking with P2 was 0.48. 

Interestingly, it was also observed that the T2D similarity score (generated from MACCS 

fingerprints) between DB08048 and abacavir were also highly dissimilar with a measured value 

of 0.37 (Table 3.1).  The observed DS scores for DB08048 passed our threshold with measured 

values of -7.8, -8.3, and -8.8 kcal/mol for peptides P1, P2, and P3, respectively (Table 3.2). 

Remarkably, the chemical scaffolding of DB08048 was quite different from abacavir as the 

purine scaffold was replaced by an indazole scaffold connected to a diol benzene ring. DB08048 

is an experimental drug whose primary target listed on DrugBank is the estrogen receptor [47].  

Next, using the measured DS scores in Table 3.2, we determined what the top five 

strongest HLA-B*57:01 binders were in the presence of P1, P2, and P3. Interestingly, each 

docking condition resulted in a unique set of top five drugs with some overlaps. The top five 

binding drugs with P1 were DB02984, DB03807, DB04518, DB07151, and DB08485; which are 

all classified as experimental drugs. When docking with P2 the top five drugs were DB03365, 

DB04769, DB04860 (isatoribine), DB04954 (tecadenoson), and DB0715. Lastly, the top five 

drugs when docking with P3 provided some overlap with P1 and P2 conditions resulting in the 

following: DB02502, DB04769, DB04860 (isatoribine), DB07151, and DB08485. Notably, all 

the listed compounds afforded extremely low DS between -12 and -10 kcal/mol, which are 

strong indicators for significant binding affinity. Furthermore, some compounds obtained 

excellent DS for multiple peptides. The drug DB07151 was a top binder for all three peptides, 

while DB08485 was a top binder for peptides P1 and P2, and the drugs DB04769 and DB04860 

were top binders for peptides P2 and P3. 
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 3.3.4. Model Comparisons to Metushi et al.  Herein, we would like to address the recent 

and excellent study by Metushi et al. [42] who conducted a full in silico to in vitro screening of 

the ZINC database. In their study, they conducted a 2D-similarity screening of the ZINC 

database using abacavir as the reference compound. Then taking the most similar compounds 

from this 2D-screening, Metushi et al. conducted a 3D-similarity screening by superimposing 

generated 3D conformations with native abacavir and filtered inactive compounds by measured 

RMSD (with abacavir) [42]. Additionally, compounds that did not share similar structure activity 

relationships (SAR) as abacavir were also removed [42]. This combination of 2D- and 3D-

screening resulted in the identification of 54 compounds that were docked in the HLA-B*57:01 

binding site (PDB: 3UPR) using GOLD5.2 and GOLD-Score scoring functions [42]. Based on 

these docking results, the top seven compounds were selected for in vitro analysis using a 

previously developed radio-labeled peptide competitive binding assay [92] with three nine mer 

peptides (M1: KVAKVEPAV, M2: RVAGIHKKV, M3: HSITYLLPV). The seven selected 

compounds were: Roscovitine (not in DrugBank), cladribine (DB00242), acyclovir (DB00787), 

arranon (DB01280 or nelarabine), minoxidil (DB00350), sangivamycin (not in DrugBank), and 

bohemine (not in DrugBank). Notably, Metushi et al. [42] determined that only acyclovir 

significantly increased peptide binding with HLA-B*57:01 from this radio-labelled peptide 

competitive binding assay. Acyclovir (DB00787) was then subjected to binding affinity assays 

with multiple peptides to determine the best HLA-B*57:01-acyclovir-peptide combination for T-

cell activation studies. However, it was observed that acyclovir did not induce a T-cell response 

and was therefore determined to not cause ADR events via a binding mechanism with HLA-

B*57:01. Acyclovir is a guanosine analog antiviral used for treatment of herpes zoster (shingles), 

genital herpes, and chicken pox and has a robust safety profile with limited ADR case reports 

[42,93–95]  

 Interestingly, four of the seven compounds identified by Metushi et al.’s docking 

procedure [42] can also be found in the DrugBank database (acyclovir, arranon, cladribine, and 

minoxidil); however, only the compound arranon (DB01280 or nelarabine) was identified as an 

in silico active compound in both models. Our model identified acyclovir (DB00787), cladribine 

(DB00242), and minoxidil (DB00350) as inactive compounds that failed at the SP – P1 (PDB: 

3VRI), XP – P2 (PDB: 3VRJ), and SP – P1 (PDB: 3VRI) levels of docking, respectively. 

Notably, as discussed in methods section 3.2.2, our consensus screening platform discarded 
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inactive compounds after each round of docking to generate a set of “active” compounds with all 

three peptides P1, P2, and P3. As such, we generated the 3D-conformations of the seven actives 

proposed by Metushi et al. [42] using LigPrep and docked with peptides P1, P2, and P3 using 

GLIDE SP and XP scoring functions. Notably, a recent publication by Yerly et al. [19] has 

solved a fourth X-ray crystal structure of HLA-B*57:01 with bound abacavir and a 9-mer co-

binding peptide (PDB: 5U98, P4: VTTDIQVKV). The crystal structure obtained from 5U98 was 

curated using the same workflow as described in the methods. Since this study does not include 

experimental validation, we posit that a fourth peptide, P4, allowed a more thorough in silico 

analysis of the compounds proposed by Metushi et al. Additionally, there are now two peptides 

that have experimental measured IC50 values available for comparison between Metushi et al.’s 

[42] study and our docking model. This was performed to fully determine why our docking 

protocol did not identify the same compounds as Metushi et al. The measured DS are provided in 

Figure 3.8 and measured eM scores are provided in Appendix Figure B6.  

 Using GLIDE docking, it was observed that the only compound identified as active 

would be arranon (or nelarabine, DB01280); all other compounds failed the DS and/or eM 

thresholds for at least one docking condition. For example, the compound bohemine afforded a 

DS range of -10 to -7 kcal/mol (indicating it is active for DS, Figure 3.8), but had multiple 

conditions with suboptimal eM scores (Appendix Figure B6). Interestingly, the compound 

cladribine (DB00242) had favorable DS and eM scores for all conditions except when docking 

with peptide P3 (DS > -7). Acyclovir (DB00787) obtained eM scores that passed our threshold 

(Appendix Figure B6), but failed the DS threshold under all conditions except when docked 

with peptide P4 using the SP scoring function (-8.17 kcal/mol) (Figure 3.8).  
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Figure 3.8.    Glide measured DS of abacavir (DB01048) and seven proposed HLA-B*57:01 

active compounds proposed by Metushi et al. from the ZINC database. The seven Metushi et al. 

compounds are: Acyclovir (DB00787), arranon (DB01280 or nelarabine), bohemine, cladribine 

(DB00242), minoxidil (DB00350), roscovitine, and sangivamycin. Measured DS are reported as 

boxplots with superimposed 1D-vertical scatter plots with applied horizontal jitter to prevent 

datapoint overlap. Each data point is color coded per the condition of docking: SP without 

peptide (salmon), PDB: 3VRI), SP with P1 (gold), XP with P1 (olive green), SP with P2 (green), 

XP with P2 (turquoise), SP with P3 (light blue), XP with P3 (blue), SP with P4 (purple), and XP 

with P4 (pink). Peptide P1 corresponds to crystal 3VRI, P2 corresponds to crystal 3VRJ,  P3 

corresponds to crystal 3UPR, and P4 corresponds to crystal 5U98. The DS threshold (DS < -7 

kcal/mol) is marked as a black line on the plot. 

 

  As noted earlier, Metushi et al.’s study [42] tested in vitro if the seven proposed actives 

enhanced peptide binding affinity with co-binding peptides M1, M2, and M3, and determined 

that only the drug acyclovir had a significant impact on binding affinity. Then acyclovir was 

selected for further evaluation with over 15 different peptides and tested for T-cell activation 

with an optimized binding peptide. The results from the T-cell activation assay revealed that 

binding acyclovir did not activate T-cells. Notably, both in silico models used crystal 3UPR 

(peptide P3 or M3) to conduct virtual screening, but our docking platform also included three 
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additional peptides (P1, P2, and P4) to determine a drug’s binding ability with HLA-B*57:01. 

Interestingly, Metushi et al. screened both P3 and P4 for their binding affinity with acyclovir. 

Peptide P3’s binding affinity for HLA-B*57:01 was shown to significantly increase in the 

presence of acyclovir; an observation that contradicts our model’s prediction. However, Metushi 

et al. demonstrated that the binding affinity of peptide P4 for HLA-B*57:01 was marginally 

impacted by acyclovir agreeing with our model’s XP results, but conflicting with our SP results 

(Figure 3.8) [42]. Conflicting results like these demonstrate that molecular docking might not be 

efficient enough as a stand-alone tool for modeling complex tripartite systems such as HLA-

drug-peptide combinations. Furthermore, we want to emphasize that since our screening 

platform was not constructed using a HLA-B*57:01 variant complexed with a T-cell, predicting 

if a drug binding to HLA-B*57:01 will induce T-cell activation is well beyond the model’s scope 

and abilities. Our approach is only reliable when used to determine if a drug can bind with HLA-

B*57:01 when peptides P1, P2, or P3 are present in an abacavir-specific binding mechanism. 

Clearly, the relationship between HLA-drug binding and T-cell activation needs to be explored 

in greater detail through a combination of in silico and experimental techniques. 

Comparisons between these two very complementary studies can provide valuable 

insights for the development of future virtual screening workflows for HLA-mediated ADRs 

(especially for other HLA variants). First, our ensemble docking protocol successfully eliminated 

six out of the seven proposed compounds by Metushi et al. indicating that incorporating multiple 

peptides can dramatically improve model efficiency. However, our screening platform did 

identify arranon (DB01280 or nelarabine) as an active, whereas Metushi et al.’s experimental 

evidence indicates the opposite; this could be a result of arranon (DB01280 or nelarabine) 

exhibiting peptide specificity for either P1 or P2, but not peptides M1 and M2 that were used in 

the binding assay. Future experimental validation will likely test this possibility by measuring 

arranon’s (DB01280) binding affinity towards peptides P1,P2, P3, and P4. The second takeaway 

from these two studies is that for any structure-based docking model to be successful, multiple 

co-binding peptides will need to be considered when docking any drug of interest. Clearly, the 

ideal docking protocol would include all (or a set of most representative) peptides with high 

affinities for the targeted HLA-variant to ensure experimental success, but in the absence of fully 

solved HLA-peptide binding modes, this will be a difficult challenge to solve. A recent study by 

Gürsoy and Smieško [96] tested the reliability of force fields to accurately predict biologically 
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active conformations of drugs, and revealed that conformational accuracy of a force field 

decreases as the number of rotatable bonds in a compound increases. Obviously, accurately 

predicting the binding conformation of peptides will be a major obstacle due to the high number 

of rotatable bonds, despite some significant progress [88]. Furthermore, the development of 

models capable of distinguishing compounds capable of activating T-cells need to be developed.   

 

3.3.5. Molecular Dynamic Simulations of Abacavir and Acyclovir with Co-Binding 

Peptide P3.  After our initial docking comparison with the proposed HLA-B*57:01 liable 

compounds from the model employed by Metushi et al. [42], we decided to conduct molecular 

dynamic simulations to examine why our model did not identify acyclovir as an active drug for 

HLA-B*57:01 in complex with peptide P3. Using the crystal structure 3UPR, we conducted 20 

ns simulations of HLA-B*57:01 with either abacavir or acyclovir and co-binding peptide P3 in a 

TIP3P water environment (see Method). We selected the peptide P3 for two reasons: (i) the 

binding mode of abacavir with P3 is explicitly known in a crystal structure (PDB: 3UPR) and (ii) 

Metushi et al.’s [42] finding demonstrated that the binding affinity of P3 for HLA-B*57:01 was 

significantly enhanced in the presence of acyclovir. 

 It is important to reiterate that these tripartite systems of HLA-drug-peptide are extremely 

complex to model and the relationships between the individual components is not well 

understood. As such, we decided to begin investigating the stability of protein, ligand, and 

peptide by measuring their respective RMSDs along the MD simulations as shown in Figure 3.9. 

Notably, the HLA-B*57:01 protein was not significantly impacted by either abacavir or 

acyclovir as the overall RMSD for both models was less than 2 Å (Figure 3.9A). However, 

when the fluctuation of peptide P3 was considered, we observed that, when binding with 

abacavir, the overall flexibility of P3 in the first 10 ns was rather low (RMSD ≤1.5 Å); however, 

the RMSD of P3 increased to 2 Å in the second part of the simulation (Figure 3.9B). Meanwhile, 

peptide P3 was observed to have an almost constant RMSD of 2 Å when acyclovir was present. 

Finally, we computed the RMSD fluctuations of abacavir and acyclovir in the binding pocket 

(Figure 3.9C). Abacavir was found to be extremely stable in the binding pocket with minimal 

conformational changes (RMSD ≤ 0.5 Å); however, the observed RMSD of acyclovir ranged 

from 0.5 to 1.5 Å. This larger fluctuation in measured RMSD for acyclovir is caused by the 

increased rotation of the diethyl-ether functional group, which contains several rotatable bonds. 
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Though there are some discrepancies between the measured RMSDs between abacavir and 

acyclovir, the overall systems are stable with RMSDs less than 2 Å.  

 

Figure 3.9.    Measured RMSD for 20 ns molecular dynamic simulations of abacavir (red) and 

acyclovir (blue) when complexed with HLA-B*57:01 protein, ligand, and peptide P3 (PDB: 

3UPR). (A) RMSD fluctuation of HLA-B*57:01 protein with respect to ligand, (B) RMSD 

fluctuation of peptide P3 with respect to ligand, (C) ligand fluctuation inside the pocket. 
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  Next, we analyzed the time dependencies of drug-protein interactions by comparing 

binding modes of abacavir and acyclovir with P3 across the entire simulation. Unlike the top-

scored binding modes obtained from molecular docking, MD simulations enabled us to (1) 

analyze all the binding modes by averaging all ligand-protein interactions identified in each 

frame of the simulation, and (2) determine the most favorable interactions. Figure 3.10 displays 

these time-averaged interactions between the binding pocket of 3UPR (chain A) and peptide P3 

(labelled chain P) with either abacavir (Figure 3.10A) or acyclovir (Figure 3.10B) as histogram 

plots where the x-axis represent the amino acid and the y-axis represents the Interaction Fraction 

(IF). Additionally, Figure 3.10 provides insights into H-bonding (green bars), H-bonding 

through water-bridges (blue bars), and hydrophobic interactions (purple bars).  

 Interestingly, abacavir and acyclovir share several key interactions that are conserved 

throughout the simulation (IF> 0.8). These conserved interactions are H-bonding with residues 

TYR74, ASH114, SER116 from chain A (binding pocket) and hydrophobic interactions (π-π 

stacking) with TRP147 also from chain A (Figure 3.10A and 3.10B). There are some 

moderately conserved interactions (IF = 0.4 – 0.6) shared between both simulations with a water 

bridge formation between ligand and ASN77 and hydrophobic interactions with VAL 97 (both 

with chain A). Intriguingly, the biggest difference between simulations of abacavir and acyclovir 

occurred with the ligand-peptide interactions. Abacavir showed very strong hydrophobic 

interactions with ILE3 of P3 and moderate interactions with LEU7 and VAL9 as shown in 

Figure 3.10A. A weak interaction (IF < 0.3) was observed between TYR5 of P3 and abacavir as 

well. Intriguingly, no strong interactions were observed between acyclovir and peptide P3, but 

there were moderate hydrophobic interactions with LEU7 and water-bridge formation with 

TYR5 of P3 (Figure 3.10B). Several weak interactions were observed between acyclovir and P3 

including: a weak water bridge with LEU7, weak direct H-bond formation with TYR5, and weak 

hydrophobic interactions with ILE3.  
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Figure 3.10.  Protein-Ligand interaction fragment histograms and 2D-plots for 20 ns molecular 

dynamic simulation of HLA-B*57:01 with ligand and co-binding peptide P3. (A) Abacavir as 

ligand, (B) Acyclovir as ligand. Hydrogen bond interactions are represented as green bars, water-

bridges are blue bars, and hydrophobic interactions (including π-π stacking) are purple bars. 

 

 MD simulations can provide valuable insights into the binding mode stability and favored 

dynamic ligand-protein interactions. Clearly, the simulations conducted in this study demonstrate 

that abacavir affords an increased stabilization from peptide P3 resulting in a more stable 
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conformation and lower DS (and eM) than acyclovir. While these insights explain why our 

docking model identified acyclovir as HLA-B*57:01 inactive, it does not explain why the 

experimental findings by Metushi et al. [42] indicate acyclovir is HLA-B*57:01 liable with 

peptide P3. However, this disagreement could occur due to several different factors. First, our 

molecular docking platform uses two empirical thresholds for DS and eM that have previously 

been determined to accurately predict ligand binding [69,70], that we validated using a limited 

number of test molecules [44]. From this test, there was only one fully solved binding mode of 

an HLA-drug complex available (abacavir) and two other proposed HLA-B*57:01 active 

compounds (flucloxacillin and pazopanib) from the use of odds ratios. Building any predictive 

model with limited experimental evidence, such as HLA-induced ADR models, severely limits 

the model’s reliability and applicability domain. Therefore, the use of any empirical scoring 

thresholds needs to be constantly reevaluated as new experimental data emerges. Indeed, virtual 

screening of large chemical database can provide valuable guidance to experimentalists for the 

prioritization of drugs to test for HLA-B*57:01 binding and T-cell activation. Such experimental 

studies could assist in confirming, lowering, or increasing our model’s threshold for selecting the 

predicted-to-be-active molecules. Second, our MD simulation of acyclovir with peptide P3 

demonstrated that the formation between HLA-B*57:01, acyclovir, and peptide P3 was stable; 

however, our docking procedure was based on a rigid (SP) or semi-flexible (XP) protein and 

peptide. Therefore, it is likely that allowing peptide’s full flexibility and/or employing an 

ensemble docking technique (using multiple protein conformations) may be necessary to 

reevaluate fringe compounds (compounds within 1 kcal/mol of our DS threshold). Third, the 

assay employed by Metushi et al. [42] monitored the binding affinity of the peptide towards the 

HLA, not the actual binding affinity of the drug. Our molecular docking platform explored the 

binding association of various drugs inside the binding pocket, but did not analyze the peptide’s 

binding affinity for these drugs. The development of a peptide-specific molecular docking 

platform could provide complementary insights into the complex binding relationship between 

HLA-protein, drug, and co-binding peptides.     
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3.4. CONCLUSIONS AND FUTURE WORK 

 Using our multi-peptide, abacavir-specific, consensus docking protocol for the HLA-

B*57:01 variant, [44] we have screened the whole DrugBank database [47] containing over 

7,000 drugs and drug candidates. After docking based on two scoring functions, three X-ray 

crystals 3VRI, 3VRJ, and 3UPR with and without their associated co-binding peptides P1, P2, 

and P3, respectively, we identified 22 potentially HLA-B*57:01 liable compounds. The chemical 

scaffolds of these 22 compounds are provided in Figure 3.11, while DS are available in Table 

3.2 (eM scores are available in Appendix Table B2). Additionally, our platform could be 

extended to a 4-tiered approach using the recently solved X-ray crystal structure of HLA-

B*57:01 with bound abacavir in the presence of a new co-binding peptide, P4 [19]. 

 After identifying those 22 potential actives, hierarchical clustering was performed using 

3D interaction fingerprints from the binding modes of abacavir with peptides P1, P2, or P3. 

These clustering results revealed three top drug candidates: DB01280 (nelarabine), DB02407, 

and DB04860 (isatoribine). However, clustering revealed that these drugs were not necessarily 

the top drug candidate for every peptide. Indeed, clustering with P2 revealed no other drugs 

clustered with abacavir, while clustering with P3 indicated that the drugs DB00962 and 

DB04954 were the top candidates. Furthermore, it was determined that each screening with 

peptide P1, P2, or P3 resulted in a different drug being most dissimilar from abacavir. Clearly, 

the role of co-binding peptide will need to be investigated further to elucidate its role in signaling 

ADRs.  

 Using these 22 predicted HLA-B*57:01 liable compounds, we plan to collaborate with 

experimentalists for the development of an efficient and accurate screening assay for T-cell 

activation to confirm our model’s predictive capabilities. One possible assay for consideration is 

the radio-labelled competitive peptide binding assay used by Metushi et al. [42] and the T-cell 

activation assay developed by Lucas et al. [43]. Notably, as discussed in Section 3.3.4, our 

docking protocol identified 22 new potentially HLA-B*57:01 compounds with only the drug 

nelarabine (DB01280) overlapping with the Metushi et al. study [42]. Once experimental binding 

data has been collected, we will continue to refine our ensemble docking protocol for improved 

prediction accuracy, while simultaneously developing a quantitative structure activity 

relationship (QSAR) model for the prediction of ADR events that are mediated by a drug’s 

ability to bind the HLA-B*57:01 variant. Additionally, we performed some preliminary MD 
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simulations to investigate the differences between abacavir and acyclovir when complexed with 

peptide P3. These initial findings revealed that both abacavir and acyclovir were stable in the 

HLA-B*57:01 binding pocket, but had significantly different ligand-protein interactions with 

peptide P3. Future MD simulations will be conducted to elucidate the dynamic intermolecular 

interactions between the HLA-B*57:01 binding pocket, the different co-binding peptides (P1, 

P2, P3, and P4), and abacavir, all forming challenging tripartite complexes. There is also a need 

to explore molecular docking’s capability to accurately score and rank peptide binding modes 

with HLA-drug complexes to address the diverse number of possible co-binding peptides. Lastly, 

this study underlines the need of developing a pan-HLA virtual screening workflow 

incorporating at least 50 variants being the most relevant and frequent in the global populations. 

This panel of virtual HLA pockets will serve a dual purpose by further exploring drug and HLA 

binding promiscuity, as observed with the drug carbamazepine and the HLA-A*31:01 and -

B*15:02 variants, and developing a co-binding peptide in silico library that determines the most 

likely HLA-peptide pairings. Conducting such virtual screening studies will provide new insight 

and guidance for experimentalists attempting to test a drug’s likelihood of inducing ADR events. 

In return, new experimental data will provide new information for the creation of more 

sophisticated in silico models and the advancement of Precision Medicine. 
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Figure 3.11.  Structures of the 22 active drugs identified from DrugBank screen. 
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CHAPTER 4 SUMMARY 

Motivation 

Adverse drug reactions mediated by drug binding to human leukocyte antigen (HLA) proteins 

are extremely difficult to predict and are often not observed until after clinical trials when drugs 

are already on the market for several months or even years. The development of computational 

tools for predicting small-molecule affinity for HLA variants is needed. Herein, we developed a 

cheminformatics molecular docking platform for panoramic virtual screening of HLA variants 

(pan-HLA) and applied it to the DrugBank database.  

Results 

Six HLA variants were selected for establishing our pan-HLA virtual screening panel by 

conducting a phylogeny analysis of HLA protein crystal structures deposited in the Protein Data 

Bank. The following variants were selected based on evolutionary history, crystal structure 

resolution, and literature reporting on ADR-HLA associations: A*11:01, B*27:05, B*40:02, 

B*51:01, B*58:01, and C*06:02. Next, DrugBank database was docked across all the variants 

using the Glide SP scoring function and a total of 72 compounds were identified as potential 

strong binders for five variants. Molecular docking of the C*06:02 variant is underway. Four 

DrugBank compounds were identified as top-HLA binders.  
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4.1. INTRODUCTION 

 Human leukocyte antigen (HLA) are cell surface proteins that present peptides to T-cell 

receptors for immune-system activation and removal of infected cells. However, these proteins 

will occasionally bind medications and trigger an idiosyncratic adverse drug reaction (ADR). 

The drug carbamazepine, an anti-epileptic, is well documented to bind with A*31:01 or B*15:02 

variants that result in Steven Johnson Syndrome (SJS) and toxic epidermal necrolysis (TEN) [1–

3]. Allopurinol, a medication prescribed to treat gout, binds the B*58:01 variant causing drug 

rash with eosinophilia and systemic symptom (DRESS) [4, 5]. Abacavir hypersensitivity occurs 

in patients expressing the HLA-B*27:05 variant [6–8].  

 Predicting if a drug will bind to a particular HLA variant and potentially induce an ADR 

is extremely challenging. First, these proteins are highly polymorphic and capable of binding a 

diverse array of peptides [9–11]. The IPD-IMGT/HLA database (www.ebi.ac.uk/ipd/imgt/hla/) 

contains over 21,000 named HLA allele polymorphisms [12]. Second, HLA alleles are expressed 

at different frequencies across the general population. For example, the A*31:01 variant occurs 

in 8% of Native Americans, 6% of Koreans, and 5% of Brazilians [13–15]. However, the 

B*15:02 variant occurs in 5% of North American Asians and 5% of Han-Chinese [13, 16]. The 

B*57:01 variant occurs in 4% of Caucasians, 2% of African-Americans, Hispanics, and Native 

Americans, and 3% of Koreans [13, 14]. Finally, there is very limited experimental data 

available about the binding mode of small-molecule drugs with HLA proteins. To date, the only 

drug to be co-crystalized with HLA protein and co-binding peptide is abacavir with the B*57:01 

variant (PDB: 3VRI, 3VRJ, 3UPR) [6, 7].  

Forecasting HLA-drug interactions is an intriguing challenge for the fields of precision 

medicine, bioinformatics, and cheminformatics. Recently, we developed a molecular docking 

model for the B*57:01 variant using co-crystalized abacavir [17]. This proof-of-concept study 

determined that molecular docking could accurately identify the binding mode of abacavir with 

and without peptide and determined that inclusion of the co-binding peptide is critical for model 

performance [17]. Next, these insights were used to virtually screen the DrugBank database 

against the B*57:01 variant using a three-tiered approach that incorporated three different co-

binding peptides [18]. Ultimately, 24 DrugBank compounds were identified as potential B*57:01 

binders and await experimental validation [18]. 

http://www.ebi.ac.uk/ipd/imgt/hla/
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Herein, we constructed a panoramic virtual screening platform, the pan-HLA, that 

encompasses HLA protein diversity. It was constructed through a phylogeny analysis of current 

HLA proteins deposited in the Protein Databank (PDB). Then six variants were selected that 

showcase diverse HLA variants across the population. Finally, the DrugBank Database was 

docked against these six HLA-variants using Glide molecular docking with an SP scoring 

function. 

 

4.2. METHODS 

 4.2.1. Phylogeny Analysis. A phylogenic analysis was conducted on Human Leukocyte 

Antigen (HLA) class I variants deposited in the protein data bank (PDB). Only the class I HLA 

variants were considered, as aligning the chains forming the binding pockets of class I to class II 

HLA variants was beyond this first version of pan-HLA. For class I HLA variants, the peptide 

binding pocket is composed of one chain A unit with two alpha helix walls connected by a beta 

sheet floor. The binding pockets for class II HLA variants are composed of two chains, A and B, 

that form two alpha helix walls. The floor of the binding pocket is non-covalently connected by 

beta-sheets. There were 534 class I HLA crystal deposits in the PDB. Using blastclust[19] 

removed duplicate entries by clustering crystals by chain A sequence with 100% identity. Protein 

structures from each cluster with the highest quality factor were kept (the quality measure is a 

function of protein resolution)[20].  

 In total, there were 69 unique class I HLA protein deposits available for 

phylogenetic analysis. First, sequence alignments were performed with Clustal Omega[21].  

Gapstreeze[22] was employed to remove columns with 95% or more gaps, as the alignment is 

not well supported in these regions. Sequence alignment identified five PDB deposits that had 

low sequence similarity to the remaining 64 HLA class I entries and were determined to not be 

HLA or MHC class proteins. As such, they were discarded from further analysis. The amino acid 

sequences were used to infer the phylogeny; typically, nucleotide sequences carry more 

information for resolving phylogeny[23], but our interest was in analyzing amino acid 

differences between HLA variants. PROTEST[24, 25] was used to select the best substitution 

rate model. We selected the JTT+I+G substitution model, which was not significantly different 

from the best performing models at a .05 significance level according to AIC, AICc, and BIC 

measures. JTT+I+G utilizes the JTT substitution-rate matrix[26].  It further models differences in 
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evolutionary rates with a discrete Gamma distribution (+G), while allowing for an invariant site 

class (+I).  In MEGA-X[27], the phylogeny was initialized by applying the Neighbor-Join and 

BioNJ algorithms to a distance matrix estimated using the substitution model.  The maximum 

likelihood tree was then estimated by a heuristic search. A discrete Gamma distribution with 5 

categories was used to model evolutionary rate differences among sites[28].  Bootstrapping with 

100 replicates was performed on the sequence alignment to estimate the confidence in each 

clade[29].  A panoramic selection was made to represent the evolutionary diversity of HLA type 

1 genes A, B, and C, as is discussed in section 4.3.2.  The goal of this selection was to select a 

diverse array of HLA genes that are representative of commonly expressed HLA genes by the 

population.  

 

 4.2.2. Protein Preparation and Curation. Six HLA proteins were selected from the 

phylogeny analysis to construct the pan-HLA virtual screening platform. These variants are: 

A*11:01 (PDB: 1X7Q, Resolution: 1.45 Å), B*27:05 (PDB: 2A83, Resolution: 1.40 Å), 

B*40:02 (PDB: 5IEH, Resolution: 1.5 Å), B*51:01 (PDB: 1E27, Resolution: 2.2 Å), B*58:01 

(PDB: 5V5L, Resolution: 2.00 Å), and C*06:02 (PDB: 5W6A, Resolution: 1.74 Å). Note that all 

crystals have a resolution below 2.5 Å which is critical for enabling molecular docking. Protein 

curation and preparation is an essential step prior to any molecular docking analysis and was 

performed using the Schrӧdinger Suite’s Protein Preparation Wizard [30–34]. Amino acid 

tautomeric states were assigned at pH 7 using EPIK [33, 34] and missing side-chains were 

generated with PRIME [31, 32]. Protein structures were then minimized using the OPLS3e force 

field [35–37]. 

 

 4.2.3. DrugBank Preparation. The DrugBank database, V5.1.2, 

(https://www.drugbank.ca/) currently contains over 9,604 approved, experimental, and illicit 

drugs [38]. Properly curated chemical structural data is critical for building reliable 

cheminformatic models [39–41]; as such, we utilized the Knime Analytics node to ensure all 

salts were removed and structural representations were normalized [42]. The R-package 

ChemmineR was used to generate atom-pair fingerprints to remove duplicate chemical structures 

[43]. After curation, there 8,795 compounds available for molecular docking. LigPrep was 

https://www.drugbank.ca/
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employed to generate 3D-conformations and EPIK to generate tautomeric states at a pH of 7 

[44]. 

 

 4.2.4. Molecular Docking of DrugBank. The HLA-peptide binding pocket is defined by 

two alpha-helical walls, and a beta sheet floor and class I HLA variants typically bind 8-10 mer 

perptides [44]. Grids for molecular docking were generated using the co-crystalized peptide for 

each pan-HLA variant. Molecular docking was conducted using Glide with the SP scoring 

function without the co-binding peptide [45, 46]. Co-binding peptides were not considered 

during docking due to the limited experimental data pertaining to specific HLA-drug-peptide 

relationships.  

 

4.3. RESULTS 

 4.3.1. Inferred Phylogeny of HLA Class I Variants. The evolutionary history of 

64 class I HLA-variants was inferred by maximum likelihood, assuming a JTT substitution-rate 

matrix. After removing sites with more than 5% gaps, there were 273 columns in the alignment. 

The tree with the highest log likelihood (-3493.84) is provided in Figure 4.1. The estimated 

alpha parameter was 0.37.  This suggested a high degree of rate heterogeneity, as the alpha 

parameter is inversely proportional to the substitution rate variance. 15.9% of sites were 

estimated to be evolutionarily invariant.  

HLA class I variants have six distinct genes, A, B, C, E, F, G , with the major genes 

being A, B and C [12, 47]. Notably, our phylogenetic analysis resulted in a tree that showed 

distinct clades for each HLA gene. Genes E, F, and G are highly diverged from each other and 

the A, B, C clade.  Within A, B, C clades, genes B and C share a more recent common ancestor. 

For the most part, matching HLA supertypes also formed distinct clades. HLA supertypes 

have been defined by the amount of overlap in the repertoire of peptides these HLA variants 

bind[48].  It is therefore sensible that these supertypes are closely related evolutionarily.  There 

are few notable exceptions of this pattern.  HLA variants 3W39 and 1E27 seem to be more 

closely related to the B58 and B44 supertypes than their own supertype.  However, the lack of 

support in the internal nodes separating them from their own supertypes suggests that there may 

not be enough phylogenetic signal to correctly resolve this part of the phylogeny.  It is 

interesting, though, that 3W39 and 1E27 show such a high degree of sequence similarity, but 
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have different supertype classifications.  Since their supertypes (B07 and B62) are closely 

related, a further characterization of the peptides they bind may be needed to correctly classify 

them.  The HLA-B*57:01 variant is a representative member of the B58 supertype (Figure 4.1), 

making this a potential clade of interest due to our previous work with the HLA-B*57:01 variant 

[17, 18].  The clade membership of HLA variants without a supertype may provide a 

hypothetical supertype classification. 

 

 

Figure 4.1.    Unrooted maximum likelihood phylogeny of HLA Class I variants deposited in the 

Protein Data Bank. HLA variants are colored by supertype when the information was available. 

The percentage of 100 bootstrap trees in which each clade appeared is shown next to the 

corresponding internal node.  Branch lengths indicate the expected number of substitutions per 

site.  The panoramic selection of HLA-variants represents the evolutionary diversity of HLA 

Class 1 genes A, B, and C. 

 

 4.3.2. Pan-HLA Variant Selection Pan-HLA variants were selected based on 

evolutionary diversity determined by phylogeny (Figure 4.1), literature reported allelic 

population frequencies, and associated HLA-binding drugs inducing ADR events. Since our goal 



 

105 

was to virtually screen the DrugBank database against pan-HLA, we also required that protein 

crystal resolution be less than 2.5 Å to ensure high quality crystal poses for generating docking 

grids. This criterion eliminated HLA genes E, F, and G variants from pan-HLA. Additionally, 

PDB entries that contained only the HLA gene assignments (PDB: 4U1H, 4U1S, 4U1M, 4U1J, 

3SPV, 6EI2, 1TMC, 4HX1, 3D25, 3MRE, 2JCC), but did not provide allele and variant 

information were also discarded. Likewise, HLA variant mutations were not considered for pan-

HLA (PDB: 3SKO, 3X13, 3X14, 5WMQ).  Applying these filters resulted in 22 HLA PDB 

deposits that were considered for pan-HLA. After conducting a literature search to assess allelic 

population frequencies and associated ADRs our list was narrowed down to six variants. The six 

variants selected for pan-HLA are: HLA-A*11:01, HLA-B*27:05, HLA-B*40:02, HLA-

B*51:01, HLA-B*58:01, and HLA-C*06:02. These variants represent the A3 (A*11:01), B27 

(B*27:05), B44 (B*40:02), B07 (B*51:01), and B58 (B*58:01) supertypes; additionally, our 

self-assigned C supertype is also covered (C*06:02) [49]. 

 The A3 supertype covers 44% of the world population and the A*11:01 variant was 

reported to occur in 27% of people from southeast Asia [50, 51]. Population specific A*11:01 

distributions are provided in Table C1.  A*11:01 is found in 23% of North American Asians, 6% 

of Brazilians, 7% of Croatians, and 24% of Han-Chinese [13, 15, 16, 52]. Notably, the aromatic 

anti-epileptic drugs phenytoin, levetiracetam, and carbamazepine are reported to induce 

SJS/TEN in patients carrying this variant [Ramirez et al. 2017, Yang et al. 2018][53, 54]. 

B*27:05 is associated with increased risk of ankylosing spondylitis [55] and is found in 

approximately 8% of North American Natives, 3% of Koreans, and 4% of Croatians [13, 14, 52]. 

Notably, He et al. reported an associated odds ratio of 66 between antithyroid drug induced 

agranulocytosis and patients carrying the B*27:05 variant. The B*40:02 variant is found in 6% 

of North American Hispanics and Natives, and 5% of Koreans [Cao et al. 2001, Park et al. 2016]. 

Oxcarbazepine, an anti-epileptic drug, induced maculopapular eruption was found to be 

associated with both class I B*40:02 and class II DRB1*04:03 variants (OR = 4.33) [56].  

  B*51:01 is a disease susceptibility gene for Behcet’s disease, a rare disorder causing 

blood vessel inflammation and is associated with delayed onset of HIV into AIDs [57, 58] 

Surprisingly, the B*51:01 variant was found in 6% of Caucasians and Hispanics, 7% Asians, and 

11% of Natives from North America [13]. This variant had a very high distribution in other 

populations as well; B*51:01 was found in 9% of Koreans, 6-9% of Brazilians, and 18% of 
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Armenians [14, 15, 59]. Recently, clindamycin cutaneous ADRs, an antibiotic, was found to be 

strongly and phenytoin, anti-epileptic, induced hypersensitivity has been proposed to occur 

through an B*51:01 binding mechanism [60, 61]. The B*58:01 variant is a well-known variant 

causing DRESS and SJS in patients administered allopurinol [4, 5] and is common in North 

American African-Americans (6%), Koreans (6%), and Han-Chinese (8%) [13, 14, 16].  

 The last variant selected for pan-HLA was C*06:02. Approximately, 47-64% people with 

the autoimmune disease Psoriasis carry the HLA-C*06:02 gene [62]. Notably, patients with the 

C*06:02 variant experienced an increased response to the biologic ustekinumab for treatment of 

Psoriasis [63]. Additionally, phenobarbital, an anti-epileptic commonly prescribed for children, 

hypersensitivity is associated with C*06:02 [64]. C*06:02 is a common variant found in 11% of 

African-Americans, 8% of Caucasians, 9% of Brazilians, and 6% of Han-Chinese [13, 15, 16].  

 

 4.3.3. Structural and Sequence Comparisons of pan-HLA Variants. Next, the 3D-

structures and sequence similarities between pan-HLA variants were explored. The curated 

protein structures were superimposed by their protein backbones onto the A*11:01 variant and a 

measured RMSD of 0.9 Å or less was observed between all the variants (Figure 4.2A). HLA 

proteins have highly conserved 3D-structure between variants, so these low RMSD 

measurements were expected. Protein amino acid sequences were aligned, and sequence 

similarity scores were generated using Maestro’s Multiple Sequence Viewer (Figure 4.2B). 

Interestingly, the sequences were 89 to 95% similar. The most diverse sequences were A*11:01 

aligned with B*51:01 (89%), B*27:05 aligned with C*06:02 (91%), A*11:01 aligned with 

B*40:02 (90%), and B*58:02 aligned with either A*11:01 or C*06:02 (90%). Interestingly, the 

B*27:05 variant was 94% similar to variants B*40:02, B*51:01, and B*58:01 (Figure 4.2B). A 

sequence alignment of the pan-HLA variants is provided in Figure 4.2C with the binding pocket 

residues highlighted. Notably, the sequences within the alpha helices and beta sheets of the 

binding pocket are highly conserved, but there are multiple polymorphisms between variants. 

These minor differences between binding pockets enable drug and peptide binding promiscuity. 

Furthermore, these minor differences are extremely challenging for molecular docking 

algorithms to differentiate between HLA active and inactive ligands. 

 

 



 

107 

 

 
Figure 4.2.    PAN-HLA protein structural and sequence comparisons by (A) 3D-structural 

alignment HLA-A*11:01 (green), HLA-B*27:05 (magenta), HLA-B*40:02 (yellow), HLA-

B*51:01 (teal), HLA-B*58:01 (orange), and HLA-C*06:02 (red), (B) heatmap measuring 

sequence similarity, and (C) multiple sequence alignment with binding pocket residues 

highlighted in gray if similar for all variants, and color-coded by matching line. 

 

 4.3.4. Molecular Docking of DrugBank Across Pan-HLA. The DrugBank database, 

V5.1.2, houses 9,604 approved, experimental, and illicit drugs [58]. After applying our database 

curation workflow there were 8,795 curated compounds available for Glide SP molecular 



 

108 

docking [58]. The docking score (DS) and eModel (eM) score distributions of successfully 

docked DrugBank compounds across pan-HLA are available in Appendix Figure C1 and C2, 

respectively. Notably, most of the docked drugs had DS greater than -7 kcal/mol and eM scores 

greater than -50 kcal/mol. Our previous work with the HLA-B*57:01 variant required that active 

compounds have DS and eM scores lower than these thresholds [17, 18]. The DS vs eM score 

distributions are provided in Appendix Figure C3.  

Notably, when docking A*11:01 the lowest DS of -11.3 kcal/mol (eM of -140.0 

kcal/mol) was obtained by DB00781, or polymyxin B. Polymyxin B is an 8-mer peptide used to 

treat gram-negative bacterial infections. The top binding drug for B*27:05 and B*58:01 was 

DB00644, gonadorelin, with a DS of -12.1 and -11.1 kcal/mol, respectively, and eM of -199.7 

and -160.4 kcal/mol, respectively. Gonadorelin, or gonadotropin-releasing hormone, is a 10-mer 

synthetic peptide. DB00290, bleomycin, was the top docked compound for B*40:02 and 

B*51:01 variants with DS of -11.1 and -12.0 kcal/mol, respectively, and eM of -215.2 and -208.5 

kcal/mol, respectively. Bleomycin is a glycopeptide used in cancer treatments. The 72 DrugBank 

compounds that had DS less than -7 kcal/mol and eM less than -50 kcal/mol are provided in 

Appendix Table C2. 

 

 4.3.4. Literature Reported HLA-Binding Drugs. When selecting HLA variants for pan-

HLA, we prioritized variants that were believed to result in ADR events through HLA-drug 

binding events. Typically, these types of associations are determined by measuring an odds ratio 

(OR), where an OR greater than 1 indicates a strong correlation between a gene and ADR event 

[65]. However, these OR associations do not guarantee that a drug is directly binding to the HLA 

variant. The following drugs are reported to cause HLA-mediated ADRs by binding one, or 

more, of the pan-HLA variants used in this study: Phenytoin, allopurinol, carbamazepine, 

oxcarbazepine, abacavir, clindamycin, levetiracetam, and phenobarbital. The DS and associated 

HLA-variants for these drugs are provided in Table 4.1 and the eM scores are provided in 

Appendix Table C3. 
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Table 4.1.    Docking scores of Literatures reported Drugs Inducing ADR 

DrugBank 

Id 
Name HLA 

A
*
1
1
:0

1
 

B
*
2
7
:0

5
 

B
*
4
0
:0

2
 

B
*
5
1
:0

1
 

B
*
5
8
:0

1
 

DB00252 Phenytoin 

 

A*11:01a 

B*51:01b 

 

-4.38 -4.33 -4.82 -5.83 -4.11 

DB00437 Allopurinol 

 

B*58:01c 

 

-5.00 -4.68 -5.69 -5.17 -4.75 

DB00564 Carbamazepine 

A*11:01a 

A*31:01d 

B*15:02e 

-5.40 -5.02 -6.00 -7.58 -4.60 

DB00776 Oxcarbazepine 

 

B*40:02f 

 

-5.10 -5.24 -7.49 -7.58 -4.66 

DB01048 Abacavir B*57:01g -6.09 -5.06 -4.99 -5.65 -4.94 

DB01190 Clindamycin 

 

B*51:01h 

 

-6.09 -5.06 -4.99 -5.65 -4.94 

DB01202 Levetiracetam 

 

A*11:01i 

 

-6.37 -6.32 -6.81 -7.22 -5.57 

DB01174 Phenobarbital 

 

C*06:02j 

 

-5.14 -4.73 -5.64 -7.54 -4.85 

a. Ramirez et al. 2017 [54] 

b. Su et al. 2018 [61] 

c. Hung et al. 2005 [5] 

d.Genin et al. 2014 [2] 

e. Chung et al. 2004 [3] 

f. Moon et al. 2016 [56] 

g. Illing et al. 2012 & Ostrov et al. 2012 [6, 7] 

h. Yang et al. 2017 [60] 

i. Yang et al. 2018 [53] 

j. Manuyakorn et al. 2016 [64] 

 

Previously, when we screened DrugBank against the HLA-B*57:01 variant we applied 

two scoring thresholds (DS < -7 and eM < -50 kcal/mol) to determine small-molecule activity 

[17, 18]. However, our initial docking results of the Table 4.1 compounds against pan-HLA may 

suggest these thresholds are insufficient for accurately modeling small-molecule binding at HLA 
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variants. Notably, the only drug with an ‘active’ DS at its associated HLA-variant was DB00776, 

oxcarbazepine, with a DS of -7.5 kcal/mol. However, the measured eM of -42.9 kcal/mol would 

classify DB00776 as inactive by our current thresholds. DB00776 causes macular eruptions in 

patients expressing the B*40:02 and DRB1*04:03 variants [56]. The small-molecules DB00252 

(phenytoin) and DB00437 (allopurinol) were both predicted as poor binders for all pan-HLA 

variants with DS greater than -6 kcal/mol (Table 4.1) and eM scores greater than -43 kcal/mol 

(Appendix Table C3).  

DB00564, carbamazepine, is a highly promiscuous HLA-binding drug that binds to the 

A*11:01, A*31:01, and B*15:02 variants causing SJS/TEN [1–3]. Only the A*11:01 variant is 

available as a crystal structure for molecular docking analysis. Surprisingly, DB00564 was only 

observed as ‘active’ at the B*51:01 variant with a DS of -7.6 kcal/mol and had an ‘inactive’ DS 

of -5.4 kcal/mol for the A*11:01 variant. Interestingly, DB00564 was inactive for all variants 

when eM scores were considered (Appendix Table C3). DB01048, abacavir, is only known to 

bind the B*57:01 variant [6–8]. Using our DS and eM thresholds, suggests that DB01048 is a 

poor binder for the pan-HLA variants selected in this study (Table 4.1).  

 Recently, a study by Yang et al. determined that DB01190, clindamycin, cutaneous 

ADRs occurred through binding of the B*51:01 variant [60]. Notably, their study performed 

Glide XP molecular docking to determine that DB01190 has a very stable (DS < -9 kcal/mol) 

binding mode in the B*51:01 variant [60]. Our docking analysis with Glide’s SP scoring 

function measured a DS of -5.7 kcal/mol for DB01190 with B*51:01 (Table 4.1). Interestingly, 

DB01190 was observed to have favorable eM scores with the A*11:01, B*27:05, B*51:01, and 

B*58:01 variants (Appendix Table C3).  

 Clearly, the disagreements between Yang et al.’s [60] analysis and our pan-HLA docking 

results raises questions and concerns about the best practices for docking small-molecules at 

HLA-variants. The first consideration is about what types of scoring functions and docking 

algorithms should be used to model HLA-variants. To date, a comprehensive comparison 

between different docking algorithms (ie. Glide, AutoDock VINA, GOLD, FlexX,) and scoring 

functions has not been performed. The current lack of experimental data on small-molecule HLA 

data may prevent any meaningful conclusions from such a study. Additionally, there are no 

current ‘best practices’ for generating HLA docking grids. Should grids be generated using co-

crystalized peptides, as done in this study? Or should grids be generated using software for 
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measuring protein binding pocket druggabilities (such as SiteMap)? Small-changes in grid 

generation, such as grid size or including/excluding specific binding site regions, can lead to 

drastic differences between molecular docking outcomes. 

 Further model refinement is needed to reliably dock small-molecules at HLA-variants. 

One possible avenue is by incorporating molecular dynamic simulations into pan-HLA. First, an 

initial pan-HLA screening could be performed on known HLA-binding small-molecules to 

generate initial starting poses. Next, these starting poses would be subjected to long-term 

molecular dynamic simulations to identify equilibrated binding modes that would be subjected to 

score-in-place and flexible docking analysis. The equilibrated poses could then be used to 

generate small-molecule specific docking grids to virtually screen large chemical databases like 

DrugBank, ToxCast, or ZINC. Such a computationally expensive analysis is beyond the scope of 

our preliminary pan-HLA screening of DrugBank. 

 

 4.3.5. Top 4 DrugBank pan-HLA Binders.  Applying our DS and eM thresholds (DS < -

7 kcal/mol and eM < -50 kcal/mol) resulted in 72 ‘active’ DrugBank compounds for all five of 

the pan-HLA variants (Appendix Table C2). From these 72 compounds, there were four top-

binders for all five variants: DB00644, DB02638, DB06791, and DB09487. The DS and eM 

scores for these top-binders are provided in Table 4.2. These top-binders are all approved, 

peptide drugs. DB00644, gonadorelin, is a 10-mer peptide used as a gonadotropin-releasing 

hormone (GnRH) agonist. GnRH agonists may cause rare, life-threatening anaphylactic reactions 

[66]. DB02638, terlipressin, is a vasopressin analogue used to regulate blood pressure. DB06791, 

lanreotide, is an 8-mer cyclic peptide used in the treatment of neuroendocrine tumors. DB09487, 

iotrolan, is an iodinated contrast media used to improve X-ray image resolution. Approximately, 

1-3% of patients receiving iodinated contrast media experience hypersensitivity that is believed 

to occur from the contrast media directly binding to HLA-T-cell receptor complexes [67, 68]. 

This is potentially a validation of our docking predictions.  
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Table 4.2.    Docking and eModel Scores (kcal/mol) for the Top 4 Binding Compounds. 

 DB00644 DB02638 DB06791 DB09487 

Name Gonadorelin Terlipressin Lanreotide Iotrolan 

A*11:01 

 

DS -10.40 -10.44 -10.15 -8.84 

eM -129.0 -171.0 -135.9 -137.6 

B*27:05 

DS -12.14 -9.72 -10.49 -9.33 

eM -199.7 -132.0 -139.6 -125.4 

B*40:02 

DS -10.49 -10.10 -10.56 -8.29 

eM -150.8 -144.4 -136.6 -108.8 

B*51:01 

DS -10.90 -10.77 -11.07 -10.40 

eM -148.5 -173.3 -128.1 -143.8 

B*58:01 

DS -11.13 -10.38 -10.87 -10.55 

eM -160.4 -152.1 -133.0 -138.6 

 

 

All four DrugBank top-binders had exceptional eM scores ranging from -130 to -200 

kcal/mol for all five variants. The DS were more varied between drugs and variants. DB00644 

was an exceptional binder for all five variants with a DS ranging from -10.4 to -12.1 kcal/mol 

(Table 4.2). DB002638 and DB06791 also had very good DS ranging from -9.7 to -11.1 

kcal/mol. DB09487 had the largest change in DS between variants and bound weakest to 

A*11:01 (DS: -8.8 kcal/mol) and strongest to B*58:01 (DS: -10.6 kcal/mol).  

 Due to DB09487’s ability to cause hypersensitivity and the proposed association with 

HLA [67, 68], the binding mode of this drug will be discussed in detail. The 3D-binding modes 

of DB09487 between all 5 variants were superimposed (Figure 4.3) and RMSDs were measured 

(Table 4.3). Additionally, the protein-ligand interaction diagrams of DB09487 with pan-HLA 

variants are provided in Figure 4.4.  Superimpositions of the remaining three top-binders are 

provided in Appendix Figures C4-6 and measured RMSDs are provided in Appendix Tables 
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C4-6. The protein-ligand interaction diagrams for these top binders are available in Appendix 

Figures C7-9. 

 

 

Figure 4.3.   Superimposition of DB09487 binding modes obtained from pan-HLA docking. 

Binding poses from HLA-A*11:01 are green, HLA-B*27:05 are magenta, HLA-B*40:02 are 

yellow, HLA-B*51:01 are teal, HLA-B*58:01 are orange. 

 

 The A*11:01 binding mode conformation of DB09487 was structurally most similar to 

the B*40:02 and B*51:01 binding modes with RMSDs of 3.92 and 4.36 Å, respectively. The 

measured RMSD between the A*11:01 binding mode conformation and the B*27:05 and 

B*58:01 conformations were 6.86 and 5.71 Å, respectively. Interestingly, the 3D conformation 

of the B*27:05 binding mode was very different from the B*40:02, B*51:01, and B*58:01 

binding modes with measured RMSDs between 6 and 7.5 Å (Table 4.3). Structurally, the 

conformation of the B*40:02 binding mode had a measured RMSD of 4.72 and 5.29 Å when 

superimposed with the B*51:01 and B*58:01 binding modes, respectively. When the B*51:01 

and B*58:01 binding modes were aligned an RMSD of 5.57 Å was measured. 
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Table 4.3.    Measured RMSD (Å) from superimposition of docked DB09487 poses across pan-

HLA. 

DB09487 A*11:01 B*27:05 B*40:02 B*51:01 B*58:01 

A*11:01 Ref     

B*27:05 6.86 Ref    

B*40:02 3.92 6.42 Ref   

B*51:01 4.36 7.46 4.72 Ref  

B*58:01 5.71 6.24 5.29 5.57 Ref 

 

  

Next, the protein-ligand interactions were compared between pan-HLA binding modes of 

DB09487 (Figure 4.4). Gln155 was observed hydrogen bonding with DB09487 when docked in 

the A*11:01, B*27:05, and B*40:02 variants, but was not observed in B*51:01 or B*58:01. 

Tyr159 was observed hydrogen bonding with the ligand in A*11:01, B*51:01, and B*58:01 

pockets; interestingly, this same residue contributed additional π-π stacking in the B*51:01 

B*58:01 variants, but not the A*11:01 variant. Residue 77 stabilized DB09487 through hydrogen 

bonding for all variants but is polymorphic between the five HLA-variants. Variants A*11:01 

and B*27:05 both have Asp at residue 77, B*40:02 is a Ser, and both B*51:01 and B*58:01 have 

Asn residues at this position.  
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Figure 4.4.     Ligand-Protein 2D-interaction plot of DB09487 bound to (A) HLA-A*11:01, (B) 

HLA-B*27:05, (C) HLA-B*40:02, (D) HLA-B*51:01, (E) HLA-B*58:01. 
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4.4. DISCUSSION AND CONCLUSIONS 

 Herein, we developed the first panoramic virtual screening model for HLA protein 

variants (pan-HLA). First, phylogeny was performed to determine the evolutionary history 

between HLA proteins deposited in the Protein DataBank (PDB). Next, HLA variants were 

selected based on criteria of diverse evolutionary history, allele population distributions, protein 

crystal resolution, and known associations with drugs resulting in ADRs. This resulted in the 

selection of the following HLA variants to construct pan-HLA: A*11:01, B*27:05, B*40:02, 

B*51:01, B*58:01, and C*06:02.  

 The structural and sequence similarities between these six HLA-variants were then 

explored. Notably, the protein structures and sequences were highly conserved between all 

variants and the largest differences occurred as polymorphic mutations in the binding pocket. 

The DrugBank Database, V5.1.2 was downloaded, curated (8,795 approved, experimental, and 

illicit drugs), and docked with Glide SP scoring function against the five of the selected six 

HLA-variants. Molecular docking of the C*06:02 variant is underway Applying DS and eM 

‘activity’ thresholds used in our previous work with B*57:01 [17, 18] resulted in a total of 72 

predicted active compounds for all five HLA variants. The compounds DB00644, DB02638, 

DB06791, and DB09487 were found to be the top binders. Interestingly, DB09487 (iotrolan) is 

an iodinated contrast media that is reported to cause hypersensitivity in 1-3 percent of patients 

after injection [67, 68]. Furthermore, this hypersensitivity mechanism is believed to occur 

through an HLA binding event [67, 68]. Our results support this binding mechanism and 

suggest that the variants used in pan-HLA are plausible off-target proteins for DB09487. 

Additional experimental binding assays are needed to confirm our findings. 

 Previously, we have reported upon the development of an ‘abacavir’ specific virtual 

screening platform [17, 18]. In that study, we found that the co-binding peptide is extremely 

important for determining the likelihood a small-molecule will bind the B*57:01 variant [17, 18]. 

However, due to the limitless number of HLA-peptide combinations, we were unable to 

incorporate a co-binding peptide into pan-HLA. Future developments will explore how docking 

algorithms can be adjusted to accurately score complex tripartite systems containing the HLA 

protein pocket, drug, and co-binding peptide. Recent developments of peptide specific docking 

algorithms, like SP-Peptide or incremental docking, will be extremely useful for refining these 

complexes [69, 70]. Additionally, incorporating molecular dynamic simulations will be essential 
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for identifying HLA-drug equilibrated binding modes for fine-tuning and refining pan-HLA 

performance. 
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SECTION II: Cheminformatic Approaches for Modeling Challenging Protein-Ligand 

Complexes 

 

CHAPTER 5: A cheminformatics approach for elucidating a drug delivery depot binding 

mode of a doxorubicin prodrug via fatty acid binding protein 4 to tumor cells 
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CHAPTER SUMMARY 

 Off-target side-effects severely limit the application and efficacy of current chemotherapy 

agents. Combining drug delivery depots and prodrugs presents a promising avenue to administer 

cancer therapeutic agents with minimized off-target side effects and increased efficacy. The drug 

doxorubicin has recently been synthesized into a prodrug containing a stearic acid fatty chain 

with a benzene boronic acid linker. Experimental studies have confirmed that the stearic acid 

subunit enables doxorubicin prodrug to bind to the fatty acid binding protein 4 (FABP4) which 

enables transport of doxorubicin prodrug from adipocytes into tumor cells. Once inside the tumor 

cell, the benzene boronic acid linker is oxidized by high concentrations of hydrogen peroxide 

and doxorubicin is directly released into the tumor cell. Herein, we adopt a cheminformatics 

approach utilizing molecular docking, molecular dynamics, and MM-GB/SA binding energy 

calculations to predict the binding mode of pDox to the FABP4 binding pocket.   
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5.1. INTRODUCTION 

 Chemotherapy has become the main treatment for cancer due to high drug potency, but 

its application is often limited by severe side effects and limited drug efficacy [1, 2]. One 

approach to preventing off-target side effects is through the development of prodrugs that release 

the active drug after metabolism. Alternatively, the development of drug delivery depots, which 

deliver cancer therapeutics directly to tumor cells, can also minimize off-target effects, while 

simultaneously increasing drug efficacy. Combining these two techniques is a promising avenue 

for developing highly potent and specific cancer therapeutics [3]. 

 Cancer cells can recruit non-malignant cells, like adipocytes, that provide support and 

food sources for tumor development [4]. Nieman et al. [4] determined that the fatty acid binding 

protein 4 (FABP4) was highly expressed in tumor associated adipocytes at the adipocyte-cancer 

cell interface. FABP4 reversibly binds long-chain fatty acids and transports the fatty acids 

into cancer cells; this results in increased lipolysis in tumor tissue and provides energy for 

cancer growth [4].  

 Tumor associated adipocytes present a promising drug delivery depot system that could 

deliver a cancer therapeutic, like Doxorubicin, to tumor cells through a FABP4 mediated 

pathway [3]. Dox, developed in the 1960s, has strong anti-tumor activity across a variety of 

cancer lines, but has severe side effects on fat, liver, and skeletal cells [5]. Delivery of Dox by 

FABP4 could occur by disguising Dox as a fatty acid [3].  

 Recently, Wen et al. [3] synthesized a Dox prodrug (pDox) by conjugating Dox with 

oleic acid using a benzene boronic acid-based linker (Figure 5.1A). After conjugation, the oleic 

acid is converted into stearic acid and enables FABP4 to bind pDox. FABP4 then transports 

pDox from adipocytes into tumor cells (Figure 5.1B) [3]. Once inside the tumor cell, the linker 

is oxidized by hydrogen peroxide releasing Dox. Tumor cell environments have high 

concentrations of reactive oxygen species, like hydrogen peroxide, that trigger linker activation 

[6].  

 The binding affinity of Dox and pDox with FABP4 was tested using fluorescence 

polarization and it was found that Dox does not bind FABP4, while pDox has a high affinity for 

FABP4 (KD = 23.14 nM) [3]. Next, the cytotoxicity of pDox and Dox was compared in B16F10 

tumor cell lines and it was observed that pDox had an IC50 almost 1.5 times of Dox [3]. 

However, when a FABP4 inhibitor (BMS309403) was included, the pDox cytotoxicity decreased 
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[3]. Given pDox’s high affinity for FABP4 and the decreased potency in the presence of a 

FABP4 inhibitor, it was concluded that pDox was delivered to tumor cells by a FABP4 

transport mechanism. 

 Herein, we attempt to identify the pDox binding mode with FABP4 using a 

cheminformatics guided approach. 

 

 

A 

 

 

B 

 

Figure 5.1.    (A) Individual building components of pDox from Dox, benzene boronic acid 

linker, and oleic acid. (B) Engineered adipocytes provide delivery carry pDox and rumenic acid 

to tumor cells and FABP4 protein transports pDox from adipocyte to tumor cell. 
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5.2. COMPUTATIONAL METHODS 

 The X-ray crystal structure of FABP4 bound to linoleic acid (PDB: 2Q9S, resolution 

2.3Å [7]  was optimized using ProteinPrep Wizard [8] with PRIME [9, 10] and EPIK [11, 12] 

following a standard protocol [13, 14]. The structure of linoleic acid was converted into stearic 

acid (SA). SA was docked into FABP4’s binding pocket using Glide SP from the Schrodinger 

software package [15, 16]. 

 Next, stearic acid-linker (SA-L) and stearic acid-linker-drug (SA-L-Drug) were built in 

vacuum and a conformational search was performed using the ConfGen program (OPLS3 force 

field) [17–19]. The lowest energy conformers were further optimized using Hartree Fock 

geometry minimization with a 6-311G** Pople basis set with Jaguar [20–23].The optimized SA-

L compound was docked into the FABP4 binding pocket using induced-fit docking [24–26]. 

Induced-fit docking allows bond rotation within the protein (traditional docking treats the protein 

as rigid.) This approach successfully identified three binding modes for the SA-L compound. 

 Next, induced-fit docking was employed on the SA-L-Drug compound. However, this 

approach did not identify a docked pose of the target SA-L-Drug compound inside the FABP4 

binding pocket. As such, we determined that the drug portion of pDox needed to be manually 

constructed onto a docked pose of SA-L. The SA-L poses were manually inspected and a binding 

pose was selected that positioned the linker’s benzene ring near the protein’s surface.  

 The Drug portion of pDox was manually attached to the docked SA-L solvent-exposed 

benzene ring using Schrodinger Maestro’s 3D-sketcher with an initial energy minimization 

procedure. Importantly, FABP4 surface-exposed residue side chains were visualized to ensure no 

atomic clashes were created during the construction of the SA-L-Drug compound inside the 

FABP4 binding pocket.  

 After the initial SA-L-Drug structure was built in the FABP4 binding pocket, a full-atom, 

20 nanosecond molecular dynamics simulation was run using the GPU-accelerated Desmond 

software (OPLS3 force field, TIP3P water environment, 300K, NTP, 2 fs time step)[27, 28]. 

Additionally, the FABP4 bound SA and SA-L complexes were subjected to the same simulation. 

Weighted binding energies for SA, SA-L, and SA-L-Drug were calculated with MM-GBSA by 

selecting poses from the MD simulation. Poses were selected using the Desmond trajectory 

clustering algorithm. All binding energies were determined with a VSGB solvation model and 

protein residues within five angstroms of the SA, SA-L, or SA-L-Drug molecule were flexible 
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for the calculation. The remaining protein was treated as rigid. A detailed explanation of this 

procedure is reported by Hayes et al [29].  

 Trajectory clustering creates an RMSD matrix between all frames of a molecular 

dynamic simulation and then clusters all frames using a hierarchical clustering (average linkage 

between clusters, RMSD metric between frames). These clustered poses provide a sampling of 

protein and ligand orientations observed during the simulation. Importantly, this approach 

reduces structural sampling bias that can occur when poses are selected (i.e. frames) in a linear, 

time-dependent manner. Frames selected by simulation time may share the same 3D-orientations 

and not accurately represent the true variability or stability in protein and ligand structure. In this 

study the number of clusters selected was 20 to correlate with the length of the MD simulation, 

20ns. 

 Next, the binding free energy was assessed for each cluster and a weighted binding free 

energy was determined for FABP4 bound SA, SA-L, and SA-L-Drug, respectively. The 

weighted binding free energy [29] was calculated as follows, 

∆𝐺 =  ∑ 𝑃𝑖∆𝐺𝑖

20

𝑖

 

Where Pi represents the probability of observing cluster i and ∆Gi is the binding free energy of 

cluster i. The probability was determined by taking the total number of frames assigned to cluster 

i and dividing it by the total number of frames in the simulation.  
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5.3. RESULTS 

 The pDox compound (Figure 5.1A) contains three units: a fatty acid chain, benzene 

boronic acid linker, and Dox. Our computational analysis began by self-docking linoleic acid 

(LA) in the FABP4 binding pocket from PDB 2Q9S. This resulted in a docking score of -0.73 

kcal/mol. This poor docking score of a crystalized ligand is surprising but may result from 

current force fields and scoring algorithms being optimized for ‘drug-like’, small molecule 

compounds (with a low number of rotatable bonds) and not specifically geared for hydrophobic 

fatty acids [15–17, 30]. Next, flexible docking with the SP scoring function was used and a 

docking socre of -2.15 kcal/mol was observed and a measured RMSD of 2.8 Å against 

crystalized LA. Notably, the fatty acid head groups occupied the same binding region of FABP4 

(Figure 5.2). Then, the LA hydrocarbon was fully saturated to stearic acid (SA) and a docking 

score of -0.30 kcal/mol and RMSD of 5.1 Å was observed (Figure 5.2).  

 Initially, a standard docking approach was used to dock the stearic acid and benzene 

boronic linker (SA-L) compound; however, this yielded no stable poses. As such, an induced fit 

docking approach was incorporated by allowing FABP4 sidechains to be flexible. This resulted 

in three stable SA-L poses being identified in the FABP4 binding pocket (Figure 5.3). The top-

scoring pose (pose 1) afforded a docking score of -9.14 and eModel score of -83.6 kcal/mol; 

however, the fatty acid head group was solvent exposed and there was insufficient space 

surrounding the linker to attach Dox (Figure 5.3). Pose 3 was also discarded due to this 

reasoning. Pose 2 (DS: -6.73 kcal/mol, eM: -44.3 kcal/mol) showed a U-like conformation 

adapted by the fatty acid and linker that placed both the fatty acid head group and linker near the 

FABP4 solvent-exposed surface. This placement of the fatty acid head group is contradictory to 

the crystal pose and our preliminary docking analysis but may be acceptable given the significant 

size increase of the pDox compound when compared to stearic acid. 
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 RMSD (Å) DS (kcal/mol) eM (kcal/mol) 

Score-in-Place LA Ref -0.73 NA 

Flex LA 2.85 -2.15 -37.8 

Flex SA 5.13 -0.30 -27.0 

 

Figure 5.2.    Two views of the superimposition of self-docked (gray) and flexible docked 

(green) linoleic acid (LA) with flexible docked stearic acid (purple). FABP4 protein is shown in 

ribbon format with alpha helices colored red and beta sheets colored cyan. Measured RMSD and 

SP docking score (DS) and eModel scores (eM) are provided. 
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Figure 5.3    Induced fit docking poses of SA-L. Pose 1 is green, pose 2 is blue, and pose 3 is 

gray. 

 

 After the binding mode of pose 2 was manually inspected, it was determinized that the 

Dox portion of pDox could be manually constructed onto the linker. Virtually connecting Dox to 

the benzene boronic acid linker was executed with the Maestro 3D-sketcher. Amino acid side 

chains were visualized to ensure no steric clashes were created. An initial starting pose of pDox 

is provided in Figure 5.4. This pose was then subjected to 20 ns molecular dynamic simulations 

with Desmond in a TIP3P explicit water environment [31]. 
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Figure 5.4.    Proposed starting coordinates of FABP4 bound pDox used for molecular dynamic 

simulaitons. 

 

 Additionally, simulations of bound SA and SA-L were also performed for comparison 

with pDox. The measured protein backbone RMSD ranged from 0.75-2.00 Å through the 

molecular dynamic simulation for all three ligands bound to FABP4 (Figure 5.5A). This 

indicates that the overall protein structure is conserved throughout the simulation and that 

binding of pDox does not significantly alter the protein conformation. The individual ligand 

RMSDs were also measured (Figure 5.5B). SA had an RMSD between 1-2 Å, SA-L complex 

had an RMSD ranging from 1.5-3 Å for most of the simulation and then a slight jump to 4 Å at 

the simulation’s termination. Notably, the pDox compound had the largest measured RMSD with 

a starting RMSD of 2 Å and an ending RMSD of 5 Å (Figure 5.5B). This large change in RMSD 

occurs due to two reasons, i) the Dox portion of pDox undergoes free rotation along the protein 

surface and ii) the fatty acid head group becomes solvent exposed at the end of the simulation. 

The rotation of the Dox subunit and movement of the fatty acid head group are provided in 

Figure 5.6. 
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A  

 

 

B  

Figure 5.5.    Measured Protein (A) and Ligand (B) RMSD of SA (pink), SA-L (green), and SA-

L-Drug (blue) bound to FABP4 over a 20ns molecular dynamic simulation in TIP3P water. 
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Figure 5.6.    Snapshots of pDox bound to FABP4 taken at 0, 5, 10, 15, and 20 ns. 

 

 Next, Desmond’s trajectory clustering algorithm was used to identify the 20 most 

common poses for bound SA, SA-L, and pDox with FABP4. From these poses, a weighted 

binding free energy was calculated with PRIME using MM-GB/SA in a VGBSA solvent [29].  

The weighted binding affinities were -54.58, -81.39, and -80.21 kcal/mol for SA, SA-L, and 
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pDox bound to FABP4, respectively (Figure 5.7). Notably, attachment of the linker significantly 

improved the binding affinity of the fatty acid subunit (SA) to FABP4; however, the attachment 

of Dox did not significantly enhance the binding affinity when comparing SA-L and the full 

pDox structure. This is most likely due to the Dox subunit being located along the FABP4 

surface and not inside the protein binding pocket. 

 Time-dependent protein-ligand interaction histograms and 2D-interacion plots are 

provided in Figure 5.8. Notably, SA forms hydrophobic contacts with 11 residues and forms a 

strong H-bond network between the fatty acid head group and Arg106, Arg126, and Tyr128 

(Figure 5.8A). The SA-L compound formed only nine hydrophobic interactions with residues 

and the fatty acid head group formed a H-bonding network with Lys58 (Figure 5.8B). 

Interestingly, the Arg106 residue was observed to form a water-bridge with an O-atom in the 

boronic benzene linker for 40% of the simulation. pDox was found to have nine hydrophobic 

interactions and 22 residues interacted through the formation of water-bridges (Figure 5.9B). 

Thr56 was found to stabilize pDox through interactions hydrogen bonding with the fatty acid 

head group for 40% of the simulation and additionally interacted with the carbamic acid group 

connecting Dox to the linker (Figure 5.9B). Notably, Glu61 also formed H-bonds with carbamic 

acid for 30% of the simulation. The Dox unit was also observed to interact with solvent exposed 

residues on FABP4, such as Thr56 and Phe57.   
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Figure 5.7.    Weighted MM-GB/SA Binding Free Energy for FABP4 bound SA (A), SA-L (B), 

and pDox (C). Left axis represents the binding free energy, right axis represents the cluster 

probability determined from Desmond trajectory clustering analysis, and x-axis represents the 

cluster id for the 20 selected structures. 
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Figure 5.8.    Time-Dependent Protein-Ligand Histogram and 2D-Interaction Plots for (A) SA, 

(B) SA-L, and (C) pDox. Interactions from H-bonds are shown as green bars, from hydrophobic 

contacts are purple, ionic are red, and water-bridges are blue. 2D-interaction plots show direction 

of H-bonding for at least a 10% contact threshold of simulation. 
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5.4. CONCLUSIONS AND FUTURE WORK 

 Herein, we have proposed a possible binding mode for a doxorubicin prodrug with fatty 

acid binding protein 4 for a possible adipocyte facilitated drug delivery depot. Using a 

cheminformatics methodology that combined molecular docking, molecular dynamics, and MM-

GB/SA, the binding mode of pDox was identified and the binding stability was compared to SA 

and SA-L. Furthermore, we demonstrated that attachment of the linker to SA provides a 

thermodynamic advantage to pDox binding and that the Dox subunit undergoes free rotation 

along the protein surface.  

 Further molecular dynamic studies are needed to validate the proposed binding mode of 

pDox with FABP4. These studies would encompass long time-scale simulations (100-200 ns) to 

model the structural stability of pDox and the FABP4 protein. Additionally, steered molecular 

dynamic simulations are needed to evaluate the binding and release mechanisms of FABP4 to 

pDox. Ultimately, X-ray crystallographic analysis of pDox and FABP4 are needed to confirm the 

binding mode. 
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CHATPER 6 SUMMARY 

 Although hair dye allergies are rare, they can be severe and even life-threatening for 

consumers. Hair dye substances responsible for triggering allergic reactions include the precursors 

required for permanent hair dye formation (e.g. p-phenylenediamine and resorcinol) and certain 

direct dyes. Consequently, there is an interest in designing new hair dyes based on benign 

alternatives. Herein, we report on the first cheminformatics study describing the physicochemical 

properties of conventional hair dyes and precursors. To conduct our study, we compiled, curated, 

and integrated the largest published database (313 total compounds) of hair dyes and precursors 

used in commercial formulations. We generated a series of chemical descriptors, characterizing 

the structure-property relationships of the compounds. All dyes and precursors could be 

differentiated based on molecular weight, hydrophobicity, topological surface area, and number of 

hydrogen bond acceptors. The substances could be separated into nine clusters with mainly 

precursors among the lowest molecular weight species (MW ≤ 250 g mol-1) and dyes among the 

highest molecular species (MW ≥ 700 g mol-1). One interesting subcluster that may be useful for 

the design of new permanent hair dyes was C.I. Basic Orange 1 and 2, two semi-permanent dyes 

located within a predominantly precursor cluster.  
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6.1. INTRODUCTION 

 Synthetic hair dyes represent a multibillion-dollar industry worldwide, with a projected 

compound annual growth rate of 9% through 2019.1 Synthetic hair dyes are classified based on 

their “permanence”, i.e., resistance to removal upon shampoo treatment or their chemistry (non-

oxidative or oxidative). Temporary hair dyes last one to two shampoo treatments, and semi-

permanent dyes last through six to eight shampoo treatments.2,3 Temporary and semi-permanent 

dyes are also classified as non-oxidative or “direct” dyes, because they can be applied to the hair 

fiber without chemical modification.4 Temporary dyes mainly adsorb onto the surface of hair fibers 

and are anionic or cationic dyes4 having significant water solubility.2 Semi-permanent dyes are 

often lower in molecular weight than temporary hair dyes and are capable of diffusing into the 

outermost layers of hair fibers. These dyes can be ionic or nonionic and are typically applied at an 

alkaline pH, unlike temporary dyes.5 Since semi-permanent dyes weakly bond to hair fibers, they 

are easily rinsed out.3  

Oxidative dyes (also known as permanent dyes) are formed within hair fibers through an 

oxidative coupling of precursors.2-4,6 Low molecular weight aromatic precursors such as p-

phenylenediamine (PPD) can diffuse into the core of hair fibers and react with couplers such as 

resorcinol. This reaction produces colored oligomeric species or indo-dyes that are mechanically 

entrapped within hair, making them resistant to removal by shampoo treatments. Thus, permanent 

dyes last until undyed new hair growth appears in four to six weeks, surviving an unlimited number 

of shampoo treatments.  They also provide the best gray coverage and occupy ~80% of the market.2 

A subclass of oxidative dyes, known as demi-permanent dyes, may last up to only twenty-four 

shampoo treatments, because they are formulated with lower concentrations of alkali and oxidant 

and do not penetrate hair fibers as efficiently. Figure 6.1 shows examples of structures associated 

with commonly used hair dye products and their global production levels (tonnage). 
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Figure 6.1.    Examples of hair dye structures.  Tonnage amounts in parentheses based on 

global data.4 

 

The precursors required for permanent hair color development and certain direct dyes have 

been the subject of toxicity studies for numerous years. While results from various epidemiological 

studies conducted on hair dyes since the reformulation period (1978 - 1982)7 have suggested that 

there is no increased cancer risk associated with the use of today’s hair dyes, some published work 

suggests otherwise. In 2010, IARC published a monograph summarizing extensive 

epidemiological studies pertaining to the use of hair dyes and cancer risk in occupational workers 

and consumers.4 Hair dye exposure was classified as “probably carcinogenic to humans” (Group 

2A) for occupational workers and “not classifiable as to its carcinogenicity to humans” (Group 3) 

for consumers. In accordance with this conclusion, the FDA indicated that there was not enough 

evidence to make a final determination regarding the carcinogenicity of hair dyes to consumers.8In 

addition, after completing a thorough safety evaluation of hair dye substances marketed in the 

European Union, the Scientific Committee on Consumer Safety (SCCS) acknowledged that there 
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was no clear evidence of an elevated cancer risk from the consumption of hair dyes marketed in 

Europe.2 

Despite the apparent low cancer risk associated with today’s hair dyes, it is acknowledged 

that hair dyes can still contain moderate or strong/extreme skin sensitizers or allergens.2,3,5,9-16 Over 

a decade ago, it was presumed that the likelihood of a severe allergic reaction to develop as a result 

of hair dye usage was one in a million applications.11 However, that number of instances is likely 

to be higher, especially due to a dramatic increase in the number of users and considering cases 

that may go unreported. Some consumers are more prone than others to develop sensitivities, and 

it is difficult to predict when allergic reactions will occur.11 For example, sensitivity increases with 

the application of dark shades, because these formulations contain the highest concentration of 

allergens,11 and with frequency of use.10 Moreover, consumers of henna tattoos are more likely to 

develop sensitivities, because these products contain at least 10-fold more PPD. Symptoms that 

can be experienced include swelling, inflammation, itching, asthma, renal failure, headache, 

insomnia, and dizziness.5 Extreme cases have resulted in death.12 Results from a recent US 

consumer exposure study indicated that 106 out of 107 (91%) of commercial hair dye products 

contained at least one potent skin sensitizer, with the average product containing six.14 PPD, p-

aminophenol (PAP), m-aminophenol (MAP), resorcinol (RCN), and other potent allergens were 

present at levels ranging from 60 to 89%. PPD and other hair dye precursors can cross-react with 

benzocaine and black rubber, making individuals more sensitive if they have been exposed to 

either substance. There is no treatment for hair dye allergies, although temporary relief of 

symptoms can be obtained through the use of steroids.10 The consumer is simply advised to avoid 

dyes that they may have sensitivities towards or to avoid the use of permanent hair dyes 

altogether.13 

Research pertaining to the design of alternative hair dyes has largely been aimed at 

addressing toxicological concerns in addition to color performance weaknesses associated with 

permanent hair dyes.17 Unfortunately, newly proposed replacements have been unable to compete 

with the efficacy and economy of conventional dyes and have thus found little commercial use. 

Alternative dyes that have found commercial success are based on modifications of the chemical 

structures of existing dyes that pose toxicity concerns. Recently, 2-methoxymethyl-p-

phenylenediamine (ME-PPD) was commercialized, due to its excellent color performance on hair 

and moderate sensitization potential compared to PPD and p-toluenediamine (PTD),16 even for 
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some individuals demonstrating PPD and PTD allergies.15 However, it is too early to know the 

long-term effects of ME-PPD and whether it will serve as a permanent replacement for PPD and 

PTD.2 Meanwhile, the search for non-toxic and sustainable  PPD/PTD alternatives continues.  

To facilitate and guide the experimental work required to develop alternatives to presently 

used permanent hair dyes based on potentially allergenic precursors, we posit that cheminformatics 

approaches could be highly useful. Cheminformatics relies on computer-aided methods to analyze, 

model, or screen libraries of molecules.18 In particular, the development of quantitative structure-

activity (QSAR) or structure-property (QSPR) relationship models using machine learning 

techniques can be achieved, in order to predict the properties of newly-designed compounds.19 

Benefiting from the increasing power of computers and the skyrocketing amount of 

chemogenomics data in the public domain, these modeling techniques are widely used for drug 

discovery and chemical risk assessment in general. However, there are very few studies relying on 

cheminformatics methods to analyze and/or design hair dyes. A comprehensive study was 

conducted by Søsted et al who used a dataset of 229 hair dye substances to predict skin 

sensitization potential using a QSAR model based on experimental local lymph node assay 

(LLNA) data and topological substructural molecular descriptors (TOPS-MODE).9 They predicted 

172 out of 229 (75%) substances to be strong or moderate sensitizers, including PPD and 

resorcinol, and they clustered the substances based on their chemical similarity, to identify other 

substances to consider for future hair dye allergy patch testing in addition to those commonly used. 

The authors did not describe the physicochemical properties of the substances in detail, though.  

Herein, we sought to characterize hair dye substances based on physicochemical properties 

such as molecular weight and hydrophobicity, to unveil structure-property relationships distinctive 

of these substances based on their classification as a permanent hair dye precursor, semi-permanent 

dye, or temporary dye. It was envisioned that such knowledge would inform the design of 

alternative dyes for hair. We first developed a comprehensive database (>300 compounds) of hair 

dyes found in commercial formulations and calculated a series of chemical descriptors associated 

with the substances, to characterize their physicochemical properties. We also applied the database 

to two QSARs to predict mutagenicity and skin sensitization. The resultant data are freely-

available as an open data set in both Excel and SDF file formats.  
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6.2. DATABASE DEVELOPMENT AND CURATION 

 We developed the Hair Dye Substance Database (HDSD) (see Appendix Table D1) by 

compiling, integrating, and curating a list of ~350 hair dye substance names, structures, and 

classifications (substance type, dye type, and color) primarily used in synthetic hair dye 

formulations with the aid of information obtained from sources listed in Appendix Table D2. This 

list is not an exhaustive list, and it contains substances that are no longer commercially used 

because of their demonstrated toxicity. Many of the hair dye substances were represented by 

multiple names and/or instances. Substances for which their exact chemical structure could not be 

determined were not considered for the database. Structures were curated according to the best 

practices.18 We also inspected the structures to determine the chromophores they contain. If the 

color of the dye was specified within its name, this color classification was used, for example, C.I. 

Acid Orange 7 (CASRN: 633-96-5) was designated as “orange.” The only exception found was 

for C.I. Disperse Black 9 (CASRN: 20721-50-0), an orange semi-permanent dye in its uncoupled 

form.17 If the color specified was a combination, the predominate color perceived or base color 

was selected, for example 2-amino-6-chloro-4-nitrophenol is a red-orange dye6 and was assigned 

the color “orange.” The chemical structures of all substances were drawn from diagrams provided 

in the sources reviewed or downloaded from online chemical databases, based on their name, into 

PerkinElmer’s ChemDraw Professional 15.0 software. Then, ChemDraw was used to convert the 

structures into simplified molecular-input line-entry system (SMILES) strings. The substance 

names, SMILES strings, and classifications were compiled into a structure data file (SDF) using 

the SDF writer node in KNIME Analytics platform (version 3.1.0).20 

The process of developing the curated database was iterative and required multiple iterative 

reviews of the data. An independent check of the chemical structures was made by utilizing the 

EPA’s CompTox Chemistry Dashboard.21 The batch search capability of the dashboard was used 

to search both CASRNs and chemical names separately. The batch search has built-in validation 

for the CAS Number using a Checksum22 and erroneous CAS numbers were flagged in the output 

file. The associated substance identifier (DTXSID)23 obtained based on searches for both CASRNs 

and names were compared. When the identifiers did not match, the underlying data in the DSSTox 

database was examined and confirmed with other public databases (i.e. ChemIDPlus,24 

ChemSpider,25 and ECHA.26 If any of the hair dyes were not available in the database, then the 

chemical structure, chemical name and associated CASRN were registered in the database in order 
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to provide a unique substance identifier for each hair dye (DTXSID). Some of the molecular 

structures varied in substituent location (i.e. C.I. Basic Brown 17, CASRN: 176742-32-8; HC 

Brown 1, CASRN: 767241-32-7; and HC Brown 2, CASRN: 774492-40-9). Only one form of 

each substance was considered for the database (see Appendix Table D1). 

Moreover, the HDSD was subjected to extensive data curation procedures to ensure all 

dyes and precursors were represented in a standardized format, neutralized (depleted of salts; e.g. 

SO3Na converted to SO3H), 2D-representations contained no overlapping atoms, and structural 

duplicates were removed. Previous studies have shown that small chemical scaffolding errors, 

presence of salts, or duplicate entries can adversely impact the reliability, interpretability, and 

reproducibility of cheminformatics modeling results.18,27,28 Salts and mixtures were manually 

removed from the database. Dyes and precursors in the HDSD were neutralized, standardized, and 

any remaining mixtures/salts were removed using RDKit29 nodes as implemented in the KNIME 

Analytics platform (version 3.1.0).20 Duplicates were identified and removed using the ISIDA-

duplicates software30 as well as the R package ChemmineR31,32 relying on atom-pair descriptors33,34 

to identify duplicate pairs. Overall, we obtained a fully 2D-curated database of 313 QSAR-ready 

dyes and precursors.  

 

6.3. COMPUTATIONAL METHODS 

 We calculated 117 2D-RDKit chemical descriptors29 in the KNIME Analytics platform 

(version 3.1.0)20 for each of the 313 QSAR-ready HDSD compounds. Descriptors with high 

pairwise correlation (R > 0.9) were discarded so that only 53 uncorrelated RDKit descriptors 

remained for the actual cheminformatics analysis. The uncorrelated descriptors were used for 

hierarchical clustering based on the Ward linkage35 in order to group structurally-similar dyes. 

Using R packages ape,36 phangorn,37 and ggtree38 circular dendrograms of clustered results were 

generated and cluster assignments were made using factoextra.39 Measured mean values were 

analyzed using ANOVA analysis and all post hoc comparisons were performed with Tukey’s test. 
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6.4. RESULTS AND DISCUSSION 

 We compiled, curated, and integrated a large publicly-available database (313 compounds) 

of hair dyes and precursors in order to characterize their structural features and establish structure-

property relationships. Figure 6.2 shows that the database is composed of dyes (195, 62%) and 

precursors (108, 35%) in an approximately 2:1 ratio. The actual classification of the substances 

was sometimes challenging: for example, 2,6-dihydroxyethylaminotoluene (CASRN: 149330-25-

6) was identified as a precursor,40 but its alternate name (i.e. HC Violet AS) suggests it is a direct 

dye. For cases where the actual identity of the substance as either a dye or precursor was ambiguous 

or not found, the classification of the substance was designated as “Not Assigned.” Only 10 (3%) 

substances were assigned to that category. Of the 195 dyes, 8 (4%) were further classified as 

temporary dyes and 154 (79%) as semi-permanent dyes. The distinction between some ionic 

temporary and semi-permanent dyes is often ambiguous, because their classification depends on 

factors such as manufacturer opinion, application temperature, pH, or the duration of the hair 

coloration process. For instance, dyes such as C.I. Acid Orange 7 (CASRN: 633-96-5) were 

identified as either a temporary4 or semi-permanent dye6 and thus were designated in the present 

work as “Temporary/Semi-Permanent” (18, 9% of dyes). Only 15 dyes (8%) could not be 

classified as a temporary or semi-permanent dye and were labeled as “Not Assigned.”   

 

 

Figure 6.2.    Distribution of the database based on substance type and dye type. 
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Most of the dyes (181, 93%) could be classified based on their color. Dominant colors, as seen in 

Figure 6.3, were red (49, 27%), yellow (38, 19%), and blue (31, 16%). However, all colors of the 

visible spectrum and browns and blacks were identified. 

  

 

Figure 6.3.    Distribution of the hair dyes based on color. 

  

Dyes contain color bearing groups known as chromophores. Our database was found to 

be chemically diverse with regard to the types of chromophores identified (25 in total). 

Appendix Table D1 shows the chromophore exhibited for each dye. Figure 6.4 illustrates the 

top-five chromophores: nitro (63, 32%), azo (55, 28%), anthraquinone (19, 10%), triarylmethane 

(18, 9%), and xanthene (10, 5%). 
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Figure 6.4.    Distribution of the hair dyes based on the top five chromophores 

represented. AQ (anthraquinone), TAM (triarylmethane), and XAN (xanthene). 

  

 To further characterize the physicochemical properties of the hair dye substances, we 

examined the distributions of their molecular weight (MW), hydrophobicity (SlogP), and 

topological polar surface area (TPSA). As shown in Figure 6.5, the precursors in the database 

were very significantly differentiated (P-value < 0.001) from all other substance types based on 

their MW (meanMW = 152.71 ± 42.9 g.mol-1), SlogP (meanSlogP = 1.18 ± 0.9), and TPSA 

(meanTPSA = 56.06 ± 24.4 Å2).  

Interestingly, we also observed this discrimination for the temporary/semi-permanent 

dyes: MW (meanMW = 503.01 ± 216.1 g.mol-1), SlogP (meanSlogP = 4.33 ± 2.1), and TPSA 

(meanTPSA = 154.40 ± 98.6 Å2). The temporary dyes were very significantly differentiated (P-

value < 0.001) from all other substance types in regards to only MW (meanMW = 537.68 ± 162.5 

g.mol-1) and SlogP (meanSlogP = 5.58 ± 1.3), while the semi-permanent dyes were very 

significantly differentiated (P-value < 0.001) from all other substance types in regards to only 

MW (meanMW = 323.99 ± 147.8 g.mol-1) and TPSA (meanTPSA = 96.09 ± 53.95 Å2). The 

temporary dyes were also significantly differentiated (0.01 < P-value < 0.05) from all other 

substance types in regards to their TPSA (meanTPSA = 128.63 ± 60.3 Å2). The semi-permanent 
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dyes were significantly differentiated (0.01 < P-value < 0.05) from all other substance types 

based on their SlogP (meanSlogP = 2.76 ± 2.3). Meanwhile, compounds that could not be assigned 

to a particular dye category were very significantly differentiated (P-value < 0.001) from all 

other substance types solely based on their SlogP (meanSlogP = 4.91 ± 3.1).  

The same statistical analysis was conducted for the number of hydrogen bond acceptors 

(HBA) and donors (HBD) (see Appendix Figure D1). None of the substances were significantly 

differentiated from all other substance types based on their HBD distributions. However, the 

precursors, semi-permanent dyes, and temporary/semi-permanent dyes were significantly 

differentiated from all other substance types in regards to their computed HBA (meanHBA = 2.85 

± 1.3, 5.19 ± 2.4, 7.44 ± 4.3, respectively). Temporary dyes were also significantly (0.01 < P-

value < 0.05) differentiated from all other substance types in regards to their HBA (meanHBA = 

6.50 ± 2.3). It would be interesting to determine whether these discriminative trends between the 

different categories of dyes persist, as we continue to compile and integrate more dyes into the 

database.  
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Figure 6.5.    Distribution of the database according to MW/molecular weight (A1), SlogP 

(B1), and TPSA/Topological Polar Surface Area (C1). Boxplots of the MW (A2), SlogP (B2), 

and TPSA (C2) are shown for substance and dye types. Stars on each boxplot represent the 

level of significance resulting from a pairwise comparison of the particular type versus all 

other types from *moderately significant (0.01 < P-value < 0.05), **significant (0.001 < P-

value < 0.01), to ***very significant (P-value < 0.001). A (Precursor), B (Temporary Dye), C 

(Semi-Permanent Dye), D (Temporary/Semi-Permanent Dye), E (Substance Type Not 

Assigned), F (Dye Type Not Assigned). 

 

Next, we performed a hierarchical clustering of the HDSD according to the Ward linkage 

and 53 uncorrelated, 2D RDKit descriptors. The resulting dendrogram (Figure 6.6) was built, 

taking into account cluster assignments, molecular weight range, substance type, dye type, and dye 

color, starting from the root node or innermost ring. As illustrated in Figure 6.6, hair dye 

substances could be separated into nine clusters. A general increase in molecular weight was seen 

for cluster 2 through cluster 8, with all substances in cluster 2 corresponding to the species with 

MW ≤ 250 g mol-1 and those in cluster 8 corresponding to species with MW ≥ 700 g mol-1. Clusters 

1, 3, and 5 contained primarily dyes along with some precursors and vice versa for clusters 2 and 

4. Interestingly, clusters 6 - 9 were the only ones that contained dyes alone. Based on dye type, 
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cluster 3 was the only cluster with predominantly dyes that contained one dye type (i.e. semi-

permanent). The semi-permanent dyes in this cluster comprised multiple chromophores including 

azo, anthraquinone, and benzoquinone, with nitro dyes dominating. Cluster 1 also contained semi-

permanent dyes of predominantly the nitro chromophore, with the exception of C.I. Acid Orange 

3 (ID: 121), a temporary/semi-permanent dye. Cluster 8 contained semi-permanent dyes of 

predominantly the azo chromophore, with the exception of C.I. Direct Red 80 (ID: 192), a 

temporary dye.  All other dye clusters (5 - 7 and 9) contained at least one of each dye type and 

represented numerous chromophore classes. Dyes that could be found within predominately 

precursor clusters (2 and 4) were mainly semi-permanent dyes, with the exception of C.I. Acid 

Yellow 23 (ID: 139), an azo temporary/semi-permanent dye. The semi-permanent dyes within 

these clusters comprised multiple chromophores including aminopyridine, azine, coumarin, 

dizacarbocyanine, and nitro, with azo dyes dominating.  

When examining the clusters based on the dye colors, one observes that the most diverse 

dye clusters (exhibiting ≥ 6 different colors) were 3, 5, and 7.  As expected, most brown and black 

dyes were seen among the higher molecular weight substances. The only exception was C.I. 

Solvent Black 5 (ID: 297), which was found in Cluster 4. 
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Figure 6.6.    Circular dendrogram obtained from the hierarchical clustering of the HCSD 

represented in RDKIT descriptor space. Compound nodes and names are colored according to 

their classification. Subs. (Substance), Temp. (Temporary), Semi-Perm. (Semi-Permanent), 

Temp./Semi-Perm. (Temporary/Semi-Permanent). 

 

We then more closely examined the make-up of a few subclusters. One interesting 

subcluster (no. 1, Figure 6.7) included C.I. Basic Orange 1 and 2, two semi-permanent dyes 

located within a predominantly precursor cluster (i.e. cluster 2). The dyes are phenylazo-m-

phenylenediamines that differ in the presence of a methyl group in Basic Orange 1 (in red). 

These dyes were most likely associated with the precursors because of their relatively low 

molecular weight (226.12 and 212.11 g mol-1) and aromatic diamine character. One may find it 

useful to design new permanent dyes based on the structures of these two substances. The 
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presence of the m-phenylenediamine moiety increases the likelihood that both of these 

substances could cause skin sensitization, though.  Thus, this feature must be accounted for when 

designing new dyes that employ this base structure. Another interesting subcluster (no. 2, Figure 

6.7) also located within a predominantly precursor cluster (i.e. cluster 4) included two semi-

permanent dyes – 2,6-diamino-3-((pyridine-3-yl)azo)pyridine (ID: 280) and 6-nitro-2,5-

pyridinediamine (ID: 108). These dyes were associated with the following precursors: 2-amino-

3-hydroxypyridine (ID: 37), 2,6-diaminopyridine (ID: 29), and N,N-dimethyl-2,6-

pyridinediamine (ID: 273). Figure 6.7 features the specific order in which the substances in 

subcluster no. 2 were found. The substances within this subcluster contained the same base 

structure (i.e. a pyridine ring, in red). The color of 6-nitro-2,5-pyridinediamine was not assigned, 

but is postulated to be yellow. Perhaps 2,6-diamino-3-((pyridine-3-yl)azo)pyridine and 6-nitro-

2,5-pyridinediamine may also be of interest for the design of new permanent hair dyes, because 

they share similar physicochemical properties as the precursors for permanent hair dye 

formation. Another subcluster (no. 3, Figure 6.7) of interest was the clustering of C.I. Vat Red 1 

(ID: 313), a temporary dye, and C.I. Acid Blue 74 (ID: 114), a semi-permanent dye in a 

predominately semi-permanent dye cluster (i.e. cluster 5). Upon examining their chemical 

structures, it is likely they are clustered based on the presence of indigoid/indigoid-like 

chromophores. It is possible that the modification of Vat Red 1 structure could yield a new semi-

permanent dye, because it shares similar physiochemical properties with many other semi-

permanent dyes.  
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Figure 6.7.    Examples of three subclusters within the database. D (Dye), P (Precursor), T 

(Temporary), and S (Semi-permanent). 

  

Further, we applied several previously-built QSAR models to predict the Ames 

mutagenicity41 for all the dyes of our database. A majority of the hair dye substances (204, 65%) 

were predicted to be mutagenic. It should be emphasized that 27 of those dyes were predicted to 

be mutagenic with confidence intervals higher than 90% (i.e., 90% of the classification models 

predicted the compound to be mutagenic). 
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6.5. CONCLUSION 

 This study led to the development of the first, publicly-available database of hair dyes. 

Results of an extensive literature search were curated and integrated into a chemical database of 

313 total substances, incorporating chemical structures and associated metadata. The 

cheminformatics-powered analysis of the data revealed that the substances could be 

differentiated based on their molecular weight, hydrophobicity, topological surface area, and 

hydrogen bond acceptors (e.g. all precursors). These results suggest that other properties other 

than molecular weight can be considered for the design of new dyes. We also highlighted 

particular clusters of dyes, in which local structure-property relationships (subclusters) could be 

established. These subclusters were of interest, because they could inform the design of either 

semi-permanent or permanent dyes.  Many of the substances in the database were predicted to be 

mutagenic, highlighting that this knowledge should highly be taken into consideration for the 

design of new dyes. This work represents the first step for developing computational tools and 

models capable of rationally designing and prioritizing the next generation of sustainable hair 

dyes. 
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CHAPTER 7 SUMMARY 

 We report on part 2 of the cheminformatics-assisted development of sustainable hair dyes 

with enhanced technical and toxicological properties. In this study, an initial similarity search 

analysis was performed using two reference probes (C.I. Basic Orange 1 and Orange 2) as 

structural templates for the identification of potential analogs among the Max Weaver Dye 

Library (MWDL). The analysis revealed an interesting subset of 158 MWDL compounds that 

were close analogs of the classical aminoazobenzene dyes. A more detailed similarity search 

analysis of this subset ultimately led to the selection of four dyes for further in silico quantum 

calculations and experimental dye uptake (color depth on hair) studies. Results from quantum 

calculations indicated that the ESP surface properties of these dyes resemble the structural 

templates and were consistent with nonionic interactions between dye and keratin. Among the 

four dye analogs, 2-amino-6-methyl-5-(phenyldiazenyl) pyrimidin-4-ol and 2-amino-4-chloro-

1,6-dimethyl-5-(phenyldiazenyl)-pyrimidin-1-ium methyl sulfate achieved the best dye uptake 

on hair (∑K/S 227.31 and 149.26). The overall results of this study show that cheminformatics-

based tools and specific experimental assays can be used to both build and screen hair dye 

databases suitable for identifying potential new colorants. 
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7.1. INTRODUCTION 

 Hair coloration is an age-old practice, still commonly used worldwide amongst 

consumers dissatisfied with their natural color, and in many cases, graying of their hair. Indeed, 

50 to 80% of American, European, and Japanese women have dyed their hair at least once.1 As 

there is also a growing portion of men who dye their hair,2 it is no surprise that the hair dye 

market has become a multi-billion-dollar global industry.3 A plethora of color options are 

available for consumers, and the dyes producing those colors are classified broadly as natural or 

synthetic based on their source. Synthetic hair dyes, which dominate the commercial landscape, 

are further classified based on (1) their degree of “permanence,” (resistance to removal upon 

shampoo treatment) as temporary, semipermanent, and permanent, or (2) their application 

chemistry (nonoxidative or oxidative).2 Oxidative hair dyes (also known as permanent hair dyes) 

occupy ∼80% of the global market.3,5 Unlike the other synthetic dyes, they are formed within the 

hair fiber upon the oxidative coupling of precursors.3-7 In this regard, small, essentially colorless 

aromatic precursors such as p-phenylenediamine (PPD), diffuse deeply into the core of hair 

fibers at an alkaline pH and react with couplers such as resorcinol to produce indo-dyes 

(oligomeric) that become mechanically entrapped within hair.2,3 It is believed that the resulting 

dyes can covalently bond to nucleophilic sites in hair4 and through secondary and ionic bond 

interactions,5 further adding to their resistance to removal by shampoo treatments. Thus, these 

dyes last an unlimited number of shampoos, and recoloration is only necessary to cover new 

growth. For the average consumer, this occurs every 4 – 6 weeks.3,6,7 Although in high demand, 

certain permanent dyes currently on the market can pose toxicity concerns, such as the moderate 

to strong/extreme skin sensitization potential for key precursors used to develop the dyes within 

hair.8 Attempts have been made to identify alternative coloration technologies to the 

conventional permanent hair dye technology.3 However, attempts that have been successful so 

far have relied upon the existing technology (i.e., the development of derivatives of precursors 

already on the market) mainly due to reduced development cost and overall efficacy. One 

precursor recently introduced to the market is 2-methoxymethyl-p-phenylenediamine (ME-PPD), 

a derivative of PPD. This compound exhibited more moderate sensitization properties than PPD 

and p-toluenediamine (PTD),14 even for some consumers that experience PPD and PTD 

allergies.13 However, it is too early to fully assess the long-term health effects of ME-PPD and 

whether or not it will actually become a technical replacement for PPD and PTD.3  Thus, there is 
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a continuing interest in the design of new hair dyes exhibiting reduced toxicity potential without 

compromising high permanence. 

Recently, the Hair Dye Substance Database (HDSD) was developed,9 which contains 313 

unique hair dyes (temporary and semi-permanent) and permanent hair dye precursors used in 

past and current commercial hair dye formulations. We conducted the cheminformatics analysis 

of the HDSD, and three computed physicochemical properties were established for consideration 

when developing novel permanent hair dyes, i.e., molecular weight (ExactMW), topological 

polar surface area (TPSA), and number of hydrogen bond acceptors (NumHBA). These specific 

properties were found to distinguish the permanent hair dye precursors included in the database 

(108 total compounds) from all other substances. A clustering analysis of each of the substances 

revealed two traditional semi-permanent dyes (C.I. Basic Orange 1, HDSD_ID 161; and C.I. 

Basic Orange 2, HDSD_ID 162) grouped among primarily permanent hair dye precursors, 

implying that they shared similar physicochemical properties as several precursors. These results 

suggested that the dyes may diffuse into the hair fiber like permanent hair dye precursors and 

have the potential to undergo transformations leading to enhanced longevity in hair. The 

uniqueness of their structures led to their selection as templates in a search for new hair dyes. In 

previous studies in our laboratories, we reported on the Max Weaver Dye Library (MWDL).10 

The MWDL is a collection of >98,000 vials of largely hydrophobic dyes, with 2,196 structures 

that have been manually digitized thus far. The technical properties of most of these dyes have 

yet to be reported, offering great opportunities for the discovery of new dyes for various 

applications, including next generation hair dyes.  

In the present study, we conducted a series of similarity searches using the digitized 

MWDL and C.I. Basic Orange 1 and Orange 2 as molecular prototypes. A subset of 158 dyes 

containing phenylazopyrimidine chromogens was identified, which was of interest because none 

of the HDSD compounds contained this structural moiety. Hence, this offered a potentially new 

family of hair dyes. A second similarity search was conducted using the MWDL subset and the 

precursors from the HDSD, in order to identify a select group of dyes for computational and 

experimental studies. The physicochemical properties of this select group of dyes were computed 

and compared. In addition, the molecular properties of the dyes were calculated using in silico 

quantum methods, including electrostatic potentials (ESP), electron densities, and 

HOMO/LUMO energies. The human skin sensitization potential of these dyes and C.I. Basic 
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Orange 1 and Orange 2 was also predicted computationally, whereas dye uptake on hair fibers 

was assessed experimentally. Overall, the current study employed key results from Part 1 of our 

work9 to initiate the screening of an extensive library of synthetic dyes. This study is designed to 

enhance structure-property relationships germane to the design of sustainable permanent hair 

dyes. 

 

7.2. MATERIALS AND METHODS 

 7.2.1. Chemicals and Other Materials.  Methanol was obtained from Fisher Scientific, 

and benzyl alcohol was obtained from TCI Chemicals. Ethyl acetate was supplied by Macron 

Fine Chemicals. Chrysoidine G (C.I. Basic Orange 2) was sourced from Santa Cruz Biotech, Inc, 

while sodium carbonate was acquired from Brenntag North America, Inc. Amphosol CA also 

known as cocamidopropyl betaine (CABP, CASRN: 61789-40-0) was supplied by Stephan 

Company, and Standopol ES-2 also known as sodium laureth sulfate (SLS, CASRN: 9004-82-4) 

was supplied by BASF. 

 Blends of virgin (untreated) natural white keratin (human hair) fibers acquired from 

multiple individuals were supplied by International Hair Importers and Products, Incorporated 

(Glendale, New York). The fibers (2 g) were swatched using a hot melt to be 2.54 cm wide and 

15 cm long. The diameters of the fibers were determined to be within the range of 70 – 110 µm 

via microscopic analysis of longitudinal views of multiple hair fibers. Use of the human hair 

fibers for this study was reviewed by the North Carolina State University Institutional Review 

Board (IRB) administration and approved as exempt from the policy as outlined in the Code of 

Federal Regulations (Exemption: 46.101. Exempt b.4) (Assurance No.: FWA00003429). 

 

 7.2.2. Obtaining Free Amine of C.I. Basic Orange 2.  The free amine form of C.I. Basic 

Orange 2 was obtained by dissolving 1.3 g of dye in 25 mL deionized water. The solution was 

stirred at 50oC for 10 min. To the solution, 0.213 g of sodium carbonate was added raising the 

pH from 3.26 to 9.52. The resultant mixture was filtered, and the top solid was dried under 

vacuum at 40 – 45oC overnight (≥12 h). The dry dye was added to 10 mL of ethyl acetate, and 

the mixture was stirred at 50oC for 10 min. The mixture was filtered, and the filtrate was 

concentrated with the aid of a BUCHI Rotavapor® R-210. The dye was further dried under 

vacuum at 40 – 45oC for 24 h. The collected dye was ground into a fine powder after drying. 
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 7.2.3. Computational Methods.  The structures of all compounds used to conduct 

computational studies were curated using previously established methods.11,12 The first 

similarity search analysis was conducted using the RDKit13 nodes as implemented in the 

KNIME Analytics platform (version 3.1.0)14 in order to compare the digitized Max Weaver Dye 

Library (MWDL, 2,196 total compounds)10 to both C.I. Basic Orange 1 and Orange 2 

benchmark compounds, two substances belonging to the Hair Dye Substance Database (HDSD, 

313 total compounds).9 Two-dimensional Molecular ACCess System (MACCS) fingerprints15 

and 166-bit structural key descriptors based on SMARTS patterns16 were used for the analysis, 

because they are appropriate for application to small datasets17 and for benchmarking studies.18 

The Tanimoto coefficient (Tc)19 was used as the standard metric to evaluate the pairwise 

similarity between the substances, i.e., the closer Tc to 1, the more similar the compounds. The 

top-5 pairs of MWDL compounds and C.I. Basic Orange 1 or Orange 2 with highest Tc values 

were examined. Three of the MWDL compounds in the top-5 pairs came from subset 72B of the 

MWDL, while the other two MWDL compounds came from subset 71D of the MWDL. The 

second similarity search analysis was conducted in a similar manner as before using subset 71D 

(158 total compounds) and the HDSD precursors (108 total compounds). The full HDSD is 

freely-available at 

https://figshare.com/articles/Hair_Dye_Substance_Database_HDSD_/5505856. The 

physicochemical properties of dyes (e.g., topological polar surface area, TPSA) in this study 

were computed using the RDKit13 nodes and KNIME Analytics platform (version 3.1.0).14 The 

recently published Pred-Skin application by Braga and co-workers20 available at 

http://labmol.com.br/predskin/ was utilized to evaluate the human skin sensitization potential for 

C.I. Basic Orange 1 and Orange 2 and the present analogs. These compounds were applied to 

this application using structures that were represented as simplified molecular-input line-entry 

system (SMILES) strings developed using PerkinElmer’s ChemDraw Professional 15.0 software. 

For in silico quantum calculations, initial geometry optimization for all dyes was 

performed using the Schrödinger suite’s MacroModel with an OPLS3 force field21-23 in water 

solvent, PRCG minimization, and default gradient convergence. This step resulted in a pre-

optimized 3D-structure ready for quantum mechanics-based geometry optimization using density 

functional theory (DFT). Geometry optimization was performed using a B3LYP hybrid 

functional24,25 and split-valence triple-zeta Pople basis function,26,27 6-311G**+, as implemented 

https://figshare.com/articles/Hair_Dye_Substance_Database_HDSD_/5505856
http://labmol.com.br/predskin/
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in the Schrödinger suite’s Jaguar.28 This function applies d-polarizations to non-H atoms and p-

polarizations to H-atoms, and s,p diffuse functions to non-H atoms.29,30 Inclusion of polarizations 

and diffuse functions are important for measuring charge distributions, molecular surfaces, and 

modeling charged molecules. Finally, vibrational frequency calculations were performed to 

ensure that optimized geometries were at true local minima. A negative frequency, or imaginary 

frequency, indicated that the optimized structure existed at a saddle-point on the potential energy 

surface and was indicative of a transition state. The optimized B3LYP/6-311G**+ dye 

geometries were verified by atom-pair RMSDs with X-ray crystal structures obtained from the 

Cambridge Crystallographic Data Center (CCDC) database. 

Quantum calculations were performed to obtain electrostatic potentials (ESPs) and 

HOMO/LUMO energies. These properties were all encoded into Jaguar through associated 

keywords and calculated using the B3LYP/6-311G**+ approach described previously. This 

methodology has proven adequate for modeling ESP and HOMO/LUMO gaps for a variety of 

molecules, including a small set of azo based dyes.31-34  

 

7.2.4. Dyeing of Human Hair Fibers.  Keratin (hair) fibers (2 g) were precleaned by 

exposing them to a 30 sec rinse using tap water (35 ± 3oC) and then massaging them for 30 sec 

with 1 mL of a standard shampoo solution (3 v/v% 12:2 SLS:CAPB). These steps were repeated, 

followed by a third (final) rinse. After air-drying the hair fibers, they were cut in half (ca. 0.5 

in/1.27 cm wide) to weigh ca. 1 g. Prior to dyeing, the dispersions or solutions were sonicated for 

≥10 min using a Branson 3200 Ultrasonic water bath. Hair fibers were dyed using 0.33 w/v% 

dye dispersions (using 0.0830 g dye dispersed in 10 mL of methanol and 15 mL deionized water) 

for 85A, 126F*, and C.I. Basic Orange 2 (free amine). Other hair fibers were dyed using 0.33 

w/v% dye solutions using 0.0830 g dye and 25 mL of benzyl alcohol (dye 100F) or 25 mL 

methanol (dye 126F*). Dyeing occurred at 40oC for 40 min using a Boekel Grant ORS 200 

water bath (no shaking). Approximately 1.5 mL of the initial dye dispersions/solutions for hair 

fibers dyed with 85A, 100F, and 126F* were retained to determine the percent dye exhaustion 

(amount of dye that moved from dispersion/solution onto the fiber). The pH of the dye 

dispersions/solutions were 6.96, 5.28, 7.37, 6.80, and 7.71, respectively for dyes 85A, 100F, 

126F* (dispersion), 126F*, and C.I. Basic Orange 2. 
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After dyeing, the hair fibers were removed from the dye solution and squeezed to remove 

excess dye. They were rinsed for 10 seconds using tap water (35 ± 3oC) and air-dried. 

Approximately 1.5 mL of the final dye dispersions/solutions for hair fibers dyed with 85A, 100F, 

and 126F* were retained to determine percent exhaustion of dye. An Agilent Technologies Cary 

300 UV-Vis spectrophotometer was used to determine the percent exhaustion of dye by 

analyzing the absorbance of the dye in diluted initial and final dye dispersions/solutions for hair 

fibers dyed with 85A, 126F* at one particular wavelength (λmax, wavelength of maximum 

absorption, for most dyes) using Equation 7.1. The initial and final dispersions/solutions of 85A 

and 126F* were diluted using methanol, and the initial and final dispersions of 100F were diluted 

using benzyl alcohol. 

 

(Eq 7.1). 

% 𝐸𝑥ℎ𝑎𝑢𝑠𝑡𝑖𝑜𝑛 =  1 − (
𝐴𝑏𝑠𝑜𝑟𝑏𝑎𝑛𝑐𝑒 𝑎𝑡 𝜆𝑚𝑎𝑥𝐹𝑖𝑛𝑎𝑙 𝐷𝑦𝑒 𝑆𝑜𝑙𝑢𝑡𝑖𝑜𝑛

𝐴𝑏𝑠𝑜𝑟𝑏𝑎𝑛𝑐𝑒 𝑎𝑡 𝜆𝑚𝑎𝑥𝐼𝑛𝑖𝑡𝑖𝑎𝑙 𝐷𝑦𝑒 𝑆𝑜𝑙𝑢𝑡𝑖𝑜𝑛
) × 100 

 

 7.2.5. UV-Vis Analysis of Dyed Hair Fibers. UV-Vis spectroscopy (reflectance mode) 

was conducted using a Datacolor 650 benchtop spectrophotometer with a D65-10 illuminant to 

quantify dye uptake on keratin films. The spectrophotometer was calibrated using normal 

conditions UV filter and with specular condition excluded. Colorimetric parameters: K/S,35 L*, 

a*, b*, C*, ho,36 including overall color differences: ΔECMC, and ΔE200037 were directly 

calculated using X-rite Color iMatch software (Color iMatch Professional with SLITaper®, 

version 9.4.10). Four (4) readings per fiber swatch were taken from the center by rotating the 

swatch in each cardinal direction. 

 

7.3. RESULTS AND DISCUSSION 

 7.3.1. Similarity Search Analyses.  A cheminformatics-powered workflow conducting 

the two similarity search analyses to narrow down the selection of Max Weaver Dye Library 

(MWDL) dyes to three is illustrated in Appendix Figure E1. An initial similarity search analysis 

of the digitized Max Weaver Dye Library (MWDL) was conducted using C.I. Basic Orange 1 

and Orange 2 as molecular prototypes. C.I. Basic Orange 1 and Orange 2 are phenylazo-m-

phenylenediamine types of semipermanent hair dyes that differ only by a methyl group. 
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Traditionally, basic dyes are cationic and have been used for the dyeing of acrylic textile 

fibers.38 In the present study, the neutralized (free amine) form of C.I. Basic Orange 1 and 

Orange 2 was employed, because it is believed this form exists under normal hair dyeing 

conditions (i.e., pH ≥7). Also, the neutralized form of the dyes was compliant with the structural 

standardization procedure for cheminformatics analysis of the compounds in the Hair Dye 

Substance Database (HDSD)9 and the Max Weaver Dye Library.10 Appendix Figure E2 shows 

the full distribution of pairwise Tanimoto coefficients (Tc)19 computed for each pair of MWDL 

compounds arising from the initial similarity search analysis and C.I. Basic Orange 1 or 2. 

The MWDL compounds affording the top-5 highest Tc similarity scores are shown in 

Figure 7.1. They are classified based on the subset in which they can be found in the digitized 

MWDL (i.e., subset 72B or 71D). Upon examination of the structures of the MWDL compounds 

that were most similar to C.I. Basic Orange 1 and Orange 2 (i.e., those found in subset 72B), it is 

clear why they were the most similar—each dyes contain the phenylazoarylamine moiety. 

NCSU-MWDL-[AZ]-[O]-X-6012-96-E also contains a phenylazopyridinediamine moiety that 

resembles the phenylazophenylenediamine moiety found in the prototypes. The dye most similar 

to C.I. Basic Orange 1 contained an additional methyl group and lacked an amino group in para 

to the azophenylene group. Similarly, this dye had two additional methyl groups and lacked an 

amino group para to the azophenylene group compared to C.I. Basic Orange 2. Though this was 

the case, its Tc value was slightly higher when paired with C.I. Basic Orange 2 versus C.I. Basic 

Orange 1, indicating that its structure was more similar to C.I. Basic Orange 2. This is consistent 

with the nature of the MACCS fingerprint used to perform the similarity search analysis, which 

populates bit strings based on structural keys15 for each compound based on binary features 

regarding the presence (1) and absence (0) of a particular functional group.39 Though MWDL 

subset 71D contained dyes that were somewhat lower in structural similarity than those in subset 

72B, it was included in the results of the second similarity search, because it contained dyes that 

possessed phenylazopyrimidine substructures. Such substructures were not found among the 

compounds in the HDSD, offering a potential new class of hair dyes containing 

phenylazopyrimidine substructures.  
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Figure 7.1.    Structures of the compounds displaying the top-5 highest Tc values for MWDL 

compounds and C.I. Basic Orange 1 and Orange 2 pairs and their respective Tc values (teal for 

C.I. Basic Orange 1 and orange for C.I. Basic Orange 2). 

 

The second similarity search analysis was executed using the digitized MWDL subset 

71D (158 total compounds) and the permanent hair dye precursors found in the HDSD (108 total 

compounds) as references. Using this analysis, 24 pairs of compounds were identified with Tc 

values ≥0.7. The selection of dyes was further narrowed down to only 6 pairs based on: (1) the 

pairs with Tc values ≥0.8 and (2) the MWDL subset 71D compounds with Tc values ≥0.7 for 

multiple HDSD precursors. For each condition, 3 dyes were found. For the second condition, the 

3 MWDL subset 71D compounds with Tc value ≥0.7 were each similar to a total of 2 HDSD 

precursors, thereby increasing their likelihood to function as hair dyes. The structures of each of 

the 6 dyes are shown in Figure 7.2. 

Based on our previous cheminformatics analysis9 of hair dyes, three properties that 

reliably distinguished the permanent hair dye precursors from all other substances included in the 

HDSD were considered—exact molecular weight (ExactMW), topological polar surface area 

(TPSA), and number of hydrogen bond acceptors (NumHBA). Indeed, their average ExactMW, 
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TPSA, and NumHBA were: meanExactMW = 153.2 ± 44.2 g·mol–1, meanTPSA = 56.26 ± 24.9 Å2, 

and meanHBA = 2.86 ± 1.35. For each of the dyes shown in Figure 7.2, their ExactMW, TPSA, 

and NumHBA were found to be outside the ranges found for the permanent hair dye precursors. 

Nevertheless, 3 out of the 6 dyes were selected for quantum calculations and dye uptake studies: 

NCSU-MWDL-[AZ]-[Y]-X-5432-85A, NCSU-MWDL-[AZ]-[O]-X-5432-98G, and NCSU-

MWDL-[AZ]-[R]-X-5432-100F. These dyes will be referred to as 85A, 98G, and 100F from this 

point forward for simplicity purposes. The molecular weight values of dyes 85A, 98G, and 100F 

were close to those of C.I. Basic Orange 1 and Orange 2 (226.12 and 212.11 g.mol–1) although 

not as close as many of the permanent hair dye precursors included in the HDSD. The molecular 

weights of the other 3 dyes (i.e., NCSU-MWDL-[AZ]-[X]-X-5432-111CX, NCSU-MWDL-

[AZ]-[R]-X-5432-135E, and NCSU-MWDL-[AZ]-[X]-X-5432-111C) were deemed to be too 

high (> 300 g.mol-1) for the substances to be selected, which resembled oligomers. Also, NCSU-

MWDL-[AZ]-[X]-5432-11CX and NCSU-MWDL-[AZ]-[X]-5432-11C did not contain the 

phenylazopyrimidine substructure of interest. For these reasons, NCSU-MWDL-[AZ]-[X]-X-

5432-111CX, NCSU-MWDL-[AZ]-[R]-X-5432-135E, and NCSU-MWDL-[AZ]-[X]-X-5432-

111C (see Figure 7.2) were not selected. It would be interesting to discern the capability of 

forming these oligomeric dyes within the hair fiber, though, that would display some degree of 

permanence. 
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Figure 7.2. Structures of the 6 compounds considered from the second similarity search 

analysis performed. 

 

The second similarity search solely conducted using subset 71D versus the precursors 

found in the HDSD as references excluded 51 compounds contained in the physical MWDL 

drawer 71D to which the subset belonged. The physical drawer (see Appendix Figure E1) 

contains 209 total dye powders stored in vials. The structures of each of the dye powders found 

in drawer 71D were examined to identify other dyes that were of interest. Based on this expert-

driven manual inspection, a fourth dye (126F) that has yet to be included in the digitized MWDL 

(and thus was excluded from the similarity search analyses performed), was identified as an 

additional dye for quantum calculations and dye uptake studies (see Figure 7.3). This dye was 

selected, because it contains the phenylazopyrimidine chemical moiety of interest. Also, it 

contained a chloro group in the pyrimidine ring and resembled a reactive textile dye40 that can be 

covalently bound to cellulose and wool (similar in structure and composition to human hair41,42). 

Thus, 126F can likely be bound to hair in this respect. In addition, 126F contains a cationic 

charge that resembles basic (cationic) dyes that display affinity towards acrylic38 but also can 

display affinity towards hair keratin. Such dyes can form an ionic bond between dye and anionic 

sites on hair (e.g., COO-). 
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Figure 7.3.    Structure of fourth dye identified for further testing (126F) based on a manual 

screening of subset 71D. 

 

The similarity of 126F in addition to 85A, 98G, and 100F compared to the permanent 

hair dye precursors in the HDSD (108 total compounds) is represented in Figure 7.4 using a 

heatmap (or color scale). Although, 126F was not as high in structural similarity to the 

precursors as 85A, 98G, and 100F, its Top-3 Tc values were within the range of 0.5 – 0.6, which 

was deemed to be of reasonable similarity. Figure 7.5 shows the structures of the top-3 dye-

precursor pairs seen and their Tc values. 85A, 98G, and 100F were similar to 2 precursors found 

in the HDSD (i.e., 2,5,6-triamino-4-pyrimidinol, ID: 27 and 5-amino-2,6-dimethoxy-3-

hydroxypyridine, ID: 100). The dyes were most similar to 2,5,6-triamino-4-pyrimidinol, because 

it contained a pyrimidine substructure. The dyes were most likely similar to 5-amino-2,6-

dimethoxy-3-hydroxypyridine, because it contained a pyridine substructure that resembles the 

pyrimidine structure. What is intriguing about dyes 85A, 98G, 100F, and 126F is their 

permissible structural modification to include ligand groups that permitting binding by metals. 

For instance, the addition of a hydroxyl group in the ortho-position to the azo group in 98G and 

100F could afford a metallizable dye with a salt such as Al3+ or Fe3+. Such dyes have been 

previously synthesized.43 Dyes that are complexed within the hair fiber would promote better 

wash resistance than unmetallized dye and thus display permanence. Therefore, such dyes could 

be viable permanent hair dye alternatives.  
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Figure 7.4.    Heatmap displaying Tc values of the MWDL subset 71D compounds of interest 

(85A, 98G, 100F, and 126F) versus the HDSD precursors (108 total compounds). 
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Figure 7.5.    The top-3 most similar HDSD precursors (right) for each of the 4 MWDL 

compounds of interest (left). 

 

 7.3.2. In Silico Quantum Calculations. HRMS analysis (see Supporting Information for 

methodology and results) of the dye powders validated each of the structures, including the free 

amine and pronated forms of C.I. Basic Orange 2, with the exception of 126F. The chloro group 

in 126F was suspected to be hydrolyzed, a common and undesirable side reaction among reactive 

dyes,40 and this was confirmed upon observing a peak at m/z 244.11929 [M]+. Hydrolyzed dye 

is incapable of forming a covalent bond with the substrate at the position where the chloro group 

was located. This was most likely the result due to the shelf life of the dye (ca. 20 yr). 

Nevertheless, the hydrolyzed form of 126F, denoted as 126F*, was used for quantum 

calculations and subsequent dye uptake studies. The structures of both protonated and free amine 
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forms of C.I. Basic Orange 2 was also validated via HRMS, the latter of which was used for 

quantum calculations and dye uptake studies.  

The dyes used for quantum calculations (i.e., 85A, 98G, 100F, 126F, and 126F*) are not 

housed within the Cambridge Crystallographic Data Centre (CCDC) database, and it is believed 

their 3D-structures have not been experimentally validated. As such, we identified key 

substructures from each of the dyes and conducted a substructure search within the CCDC to 

validate the geometry optimization. The dye analogs contained a phenylazopyrimidine scaffold 

with varying functional group identity and distributions. Consequently, the CCDC was searched 

for phenylazopyrimidine scaffolds and azo scaffolds containing desired functional groups but 

none were found. The CCDC entries AFIHAA, KEBJIM, POQFIM, and YEJNAC44-46 provided 

the best scaffolds for comparison with the 4 analog dyes. C.I. Basic Orange 1 and Orange 2 both 

contain an anilino-azo-phenyl scaffold. Therefore, the CCDC compound BIDTUF47 was selected 

for geometry verification. Appendix Table E1 contains the RMSD values between each dye and 

the selected scaffolds. 

Figure 7.6 shows the ESP surfaces for dyes 85A, 98G, 100F, 126F, and 126F* (min and 

max values are listed in Appendix Table E2). Red color on the maps indicate regions of low 

electrostatic potential (or high electron density), while violet and blue colors indicate regions of 

high electrostatic potential (or low electron density). The ESP surfaces of dyes 85A, 98G, and 

100F reflected their overall balance of electrostatic potential, with areas of high electron density 

near oxygen atoms. Calculated SlogP (hydrophobicity) values for dyes 85A, 98G, 100F, C.I. 

Basic Orange 1, and C.I. Basic Orange 2 were 2.49, 1.47, 2.50, 3.58, and 3.27, respectively.  

Thus, these dyes are nonionic, and their predominant interaction with the keratin protein is 

expected to involve secondary valence interactions with amino acids of nonionic character. Dye 

126F lacks hydroxyl groups that could permit hydrogen bonding of dye to keratin. However, the 

hydrolyzed form (126F*) contains such a group. The cationic charge in the pyrimidine ring in 

dyes 126F and 126F* makes ionic bonding with carboxylate (CO2
-) groups in hair keratin 

possible. Dye 126F can is also subject to nucleophilic attack by amino (–NH2), hydroxyl (–OH), 

or thiol (–SH) groups present in the amino acid residues in the protein chain,40 displacing the 

chloro group and forming a covalent bond.  
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Figure 7.6.    ESP surfaces of dyes 85A, 98G, 100F, 126F, and 126F*. 

 

The HOMO-LUMO band gap energies of each of the dyes, including C.I. Basic Orange 1 

and Orange 2, are given in Appendix Table E2. These energies represent the lowest excitation 

energy transition permissible for the dyes36 and can provide insight regarding the wavelength at 

which the dyes absorb light (or their color). The complete names of dyes 85A, 100F, and 126F 

denote their expected color based on the letter in the second bracket (e.g., [Y] represents 

“yellow”). Thus, dyes 85A, 98G, 100F, and 126F were expected to be yellow, yellow, red, and 

orange dyes, respectively, as reflected in their complete names (i.e., NCSU-MWDL-[AZ]-[Y]-X-

5432-85A, MWDL-[AZ]-[Y]-X-5432-98G, MWDL-[AZ]-[R]-X-5432-100F, and NCSU-

MWDL-[AZ]-[O]-X-5432-126F). C.I. Basic Orange 1 and Orange 2, as their names imply, are 

orange. The largest energy difference (-86.17 kcal.mol) was seen for 126F (orange), while the 

lowest energy difference (-70.306 kcal.mol) was seen for C.I. Basic Orange 1. Though the energy 

for 126F was greater than 126F*, the difference was not enormous, and this result was not 

surprising because the chromophore of the dye should not be affected. It was expected that 85A 
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and 98G (both yellow) would have the largest energy differences, since absorb light at lower 

wavelengths. It was also expected that dye 100F (red) would display the lowest energy 

difference, because it absorbs light at a higher maximum wavelength. Based on the spectroscopic 

analysis of the initial dye dispersions/solutions used to assess dye uptake on hair fibers, the λmax 

(wavelength of maximum absorption) was found to be 348, 351, 411, and 448 nm for dyes 85A 

(yellow), 126F* (orange), C.I. Basic Orange 2 (orange), and 100F (red). These experimental 

results demonstrate and highlight the clear limitations of using the HOMO-LUMO energy gaps 

from DFT calculations in order to estimate the relationship between energy and color of the dyes.   

The use of time-dependent DFT (TD-DFT) as an approach would be necessary to reliably 

calculate the S0-S1 gap between the ground state and the first excited state, which correlates with 

the color of the dye.36   

 

7.3.3. Human Skin Sensitization Predictions.  The human skin sensitization potential of 

dyes 85A, 98G, 100F, 126F, 126F*, in addition to C.I. Basic Orange 1 and Orange 2 was 

predicted using the Pred-Skin application available at: http://labmol.com.br/predskin/ (see 

Appendix Table E3 for results). 98G was predicted to be a human skin sensitizer, while 85A, 

100F, and 126F/126F* were predicted to be non-sensitizers. 85A, 100F, and 126F/126F* were 

also predicted to be non-sensitizers based on binary and multiclass predictions for the local 

lymph node assay (LLNA). 98G was predicted to be a sensitizer based on LLNA predictions, 

displaying strong/extreme skin sensitization potential in the multiclass model. Since 126F and 

126F* were predicted to be non-sensitizers, this suggests that the substitution of a chloro group 

with a hydroxyl group does not influence sensitization potential. C.I. Basic Orange 1 and Orange 

2 were also predicted to be human skin sensitizers. Experimental human skin sensitization data 

was not found for C.I. Basic Orange 1 and Orange 2. However, a safety data sheet available for 

C.I. Basic Orange 2 classifies it as a skin irritant.48 Each of the prediction results need to be 

experimentally validated, using, for example, allergenic contact dermatitis (ACD) tests.49 In 

addition to conducting these tests, it would be worthwhile to know the mutagenic potential of 

dyes and their ecotoxicity (e.g., aquatic toxicity). 

 

  

http://labmol.com.br/predskin/
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 7.3.4. Dye Uptake on Hair Fibers.  Dye uptake on hair fibers using dyes 85A, 98G, 

100F, 126F, and 126F*, using C.I. Basic Orange 2 as a benchmark, was of interest. A widely 

used medium for the dyeing of fibers is water. However, each of the dyes were found to have 

low solubility in water. 85A, 126F*, and C.I. Basic Orange 2 were found to be completely 

soluble in methanol, while 100F was found to completely soluble in benzyl alcohol. Benzyl 

alcohol has been used to enhance dye penetration into hair fibers in addition to ethanol.50 

Ethanol also dissolved 126F* and C.I. Basic Orange 2. The addition of water to methanol-based 

solutions of 85A, 126F*, and C.I. Basic Orange 2 promoted the formation of dye dispersions. An 

appropriate solvent-based system for the dyeing of hair fibers using 98G was not found. Thus, it 

was not included in dye uptake studies. Hair fibers were dyed using 0.33 w/v% 85A, 100F, 

126F*, and C.I. Basic Orange 2 at 40oC for 40 min. Hair fibers dyed using 85A and C.I. Basic 

Orange 2 employed methanol/H2O as the medium. Hair fibers dyed using 100F employed benzyl 

alcohol as the medium, while hair fibers dyed with 126F* employed either a dispersion 

(methanol/H2O as the medium) or a solution (methanol as the medium). 

As seen in Figure 7.7, hair fibers dyed with 85A were yellowish-brown, while 126F* led 

to an orange dyeing from a dispersion using methanol/H2O as the dyeing medium. Very little of 

100F was absorbed by hair, and this was also the case for hair fibers dyed with 126F* using 

methanol as the dyeing medium. The latter result was due to the high solubility of dye in this 

medium. The percent dye exhaustion was calculated to be 41.32 ± 0.31% on hair fibers dyed 

with 126F* using the dispersion versus 14.29 ± 1.92% using the solution. The percent dye 

exhaustion on hair fibers dyed with 85A and 100F were 33.60 ± 0.20% and 38.66 ± 0.80%, 

respectively. The deepest color was exhibited on hair fibers dyed with C.I. Basic Orange 2. Dye 

uptake results are summarized in Appendix Table E4. 

 The colorimetric data of dyed keratin samples using the parameters L*, a*, b*, C*, and ho 

is shown in Appendix Table E5 and described in the Supporting Information. K/S, or the ratio 

of the coefficient of absorption to the coefficient of scattering, can be used as a parameter to 

evaluate dye uptake or the amount of dye absorbed onto a substrate. It is based on the Kubelka-

Munk equation35 shown in Equation 7.2. Comparing the differences in total contributions of K/S 

(∑K/S) between undyed (standard/reference) and dyed samples shown in Figure 7.7, the order of 

increasing dye uptake was: 100F < 126F* < 126F < 85A < C.I. Basic Orange 2. These results are 

in agreement with what was seen visually. The results of this study demonstrate the usefulness of 
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the HDSD as a screening tool for identifying potential hair dyes and will continue to be 

employed in future studies. 

 

 

Figure 7.7.    Photograph of undyed hair fiber and hair fibers dyed for 40 min at 40oC using 

0.33 w/v% 100F, 126F*in solution, 126F*in dispersion, 85A, and C.I. Basic Orange 2. B: 

Corresponding ∑K/S values for each fiber. 
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(Eq. 7.2) 

𝐾/𝑆 =
(1 − 2𝑅∞)2

2𝑅∞
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CHAPTER 8: Concluding Remarks and Future Directions 

 Cheminformatics and computational chemistry methods are becoming essential elements 

for analyzing and modeling increasingly complex chemical biological information. Obviously, 

cheminformatics should not be considered (yet) as a replacement for traditional benchtop 

chemistry but is best used as a complementary technique to help guide and assist experimentalist 

in decision making. As we showed in this work, such assistance is greatly needed for tackling the 

serious problem of HLA mediated ADRs (Section I Chapters 2, 3 and 4). These ADR events 

are extremely difficult to predict and identify due to the low and varying HLA frequency of the 

15,000 different known variants, the numerous binding modes of drugs with HLA-variants, and 

the observed promiscuity of HLA, drug, and peptide binding. Meanwhile, such HLA mediated 

ADRs represent a critical problem for patients carrying HLA variants avoiding them to be 

prescribed a particular drug. Clearly, computer-based methods, such as the ones presented 

herein, could become the go-to approach to rapidly assess whether a drug should be subjected to 

a variant-specific HLA-binding assay and guide the development of new analogues being less 

likely to bind a given HLA variant.  

 Our efforts presented in Chapter 2 started with the development of a HLA-B*57:01 

specific molecular docking procedure by exploring the individual relationships between the 

HLA-B*57:01 binding pocket, co-binding anti-HIV drug abacavir, and three co-binding 

peptides. This proof-of-concept work demonstrated that molecular docking was indeed capable 

of accurately forecasting abacavir-like compounds as HLA-B*57:01 actives with three co-

binding peptides using empirical thresholds. However, this study also revealed the limitations of 

molecular docking for screening these complex tripartite systems. The most important limitation 

being that our model is dependent upon the binding mode of abacavir and is, currently, unable to 

identify known HLA-B*57:01 actives flucloxacillin and pazopanib as active.  

 After determining the applicability domain of molecular docking as a tool for modeling 

HLA-B*57:01 binding, we developed a three-tiered virtual screening platform using peptides P1, 

P2, and P3 (PDB: 3VRI, 3VRJ, and 3UPR) that was applied to dock the DrugBank database as 

discussed in Chapter 3. This virtual screening effort identified 22 potentially HLA-B*57:01 

liable compounds for peptides P1, P2, and P3 that had conserved binding modes with abacavir. 

Furthermore, we compared our model’s predictive output with the experimental findings of a 

recent study by Metushi et al.1 Interestingly, we demonstrated that by incorporating three 
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peptides into our docking procedure we could eliminate HLA-B*57:01 inactive compounds that 

had been classified as active by Metushi et al.’s1 virtual screening approach. We then explored 

the binding stability of abacavir and acyclovir with co-binding peptide P3 using molecular 

dynamic simulations.  

Next, we utilized the insights gained from our work with the HLA-B*57:01 variant to 

develop a panoramic virtual screening platform, pan-HLA, for predicting drug affinity across 

multiple HLA-variants as highlighted in Chapter 4. Pan-HLA was developed through a 

phylogenic analysis of all class I HLA variants deposited in the Protein DataBank (PDB). This 

analysis identified six HLA variants that are considered representative across the population 

(HLA-A*11:01, HLA-B*27:05, HLA-B*40:02, HLA-B*51:01, HLA-B*58:01, and HLA-

C*06:02). Notably, these variants were structurally similar (binding pockets composed of two 

alpha-helices connected by beta sheets) and possessed sequence similarity scores greater than 

90%. However, the largest variation between HLA variants occurred between the binding 

pockets as amino-acid point mutations. Distinguishing between these highly similar protein 

variants with molecular docking is extremely challenging. The DrugBank database, V5.1.2, was 

docked across pan-HLA and a total of 72 drugs were found to be potential actives. Many of these 

compounds are large and have peptide-like structures, which may explain their highly 

promiscuous binding profiles for HLA variants. The top four drugs (DB00644, DB06791, 

DB09487, and DB02638) were then analyzed for all five variants. This Pan-HLA study 

represents the first attempt in developing a virtual HLA profiling platform for drugs and drug 

candidates. 

 Our virtual screening efforts in Chapters 2-4 have yielded a starting point for exploring 

HLA-mediated ADR events, but there is still a considerable amount of development needed to 

solve this challenge and reliably predict these events. First, our model’s accuracy and reliability 

remain untested without experimental testing of our proposed 22 HLA-B*57:01 liable 

compounds. Therefore, it is imperative that we test the validity of our model through the 

experimental validation of those predictions and further incorporate binding assay data into our 

model. Second, our model is specific for abacavir-like compounds and peptide specific for P1, 

P2, and P3. The development of screening platforms that can identify other HLA-liable drugs 

(like flucloxacillin or pazopanib) need to be developed through the synergistic use of molecular 

dynamics, QSAR, and inclusion of drug metabolites. Finally, the major limitation of our model is 
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that it demonstrates only if a drug can bind to HLA-B*57:01 but provides no insight into how 

this binding will impact T-cell activation.  

 In lieu of experimental data, there are two approaches we can take to further validate our 

model’s reliability. First, we can begin exploring the dynamic relationship between abacavir and 

peptides P1, P2, P3, and P4 through molecular dynamic simulations. Next, we can begin 

incorporating other HLA-B*57:01 liable compounds into these simulations to determine if these 

compounds prefer binding at different locations of the binding pocket. Using these newly 

equilibrated binding poses we could then identify the most stable pose using ensemble-molecular 

docking. Finally, using the numerous HLA-deposited crystal structures we can begin exploring 

peptide-HLA promiscuity using peptide docking algorithms and apply these techniques to 

continue refining our pan-HLA docking performance. Eventually, our pan-HLA virtual screening 

platform will be expanded to consider the 50 most relevant HLA-variants for HLA-drug-Peptide 

induced ADRs. Ultimately, current docking algorithms need to be recalibrated for modeling 

tripartite systems, like HLA-drug-peptide complexes. 

 Regarding another complex type of protein-ligand interaction, Chapter 5 utilized a 

combination of molecular docking and molecular dynamics to determine a reasonable binding 

mode of doxorubicin prodrug to fatty acid binding protein 4 (FABP4). FABP4 is a transport 

protein that binds fatty acids in adipocytes to tumor cells. Disguising doxorubicin as a fatty acid 

enables FABP4 to transport pDox from engineered adipocytes to tumor cells, minimizes 

doxorubicin toxicity, and increases drug potency. Our analysis began by self-docking linoleic 

acid to FAPB4 and docking stearic acid. After validating the stearic acid binding mode, we then 

used induced-fit docking to dock a stearic acid and benzene boronic linker molecule to the 

FABP4 complex. This resulted in a stable pose that allowed the manual construction of pDox. 

Finally, this binding pose was analyzed via 20 ns molecular dynamic simulations to determine 

protein and ligand stability. The theoretical binding affinities of stearic acid, stearic acid and 

linker, and pDox were then measured using PRIME MM-GB/SA. We found that the linker 

significantly enhanced binding affinity with FABP4 and that the Dox subunit underwent free 

rotation along the FABP4 protein surface.  

 Our work also involved ligand-based technique. We have notably demonstrated that 

cheminformatics tools are critical for the development, curation, and analysis of large chemical 

dye libraries. In Section II Chapter 6 the hair dye substance database (HDSD) was constructed, 
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physico-chemical properties were analyzed, and structure property relationships were explored 

via hierarchical clustering. We found that synthetic hair dyes can be characterized by molecular 

weight, hydrophobicity, and topological surface area; furthermore, we were able to distinguish 

hair dyes as ‘precursors’ or ‘dyes’ using structural similarity with RDKit descriptors. Next, we 

used the insights gained from developing the HDSD to identify new hair dye compounds from 

NC State’s Max Weaver Dye Library (MWDL), as discussed in Chapter 7. The MWDL houses 

over 98,000 organic dyes in the NC State Wilson College of Textiles and approximately 2,7000 

MWDL dyes have been digitized. Using C.I. Basic Orange 1 and 2, we conducted a chemical 

similarity search against the MWDL and identified four structural similar dyes. Then, through a 

combination of experimental and quantum analysis we evaluated their hair dye profiles. The 

HDSD is a publicly available curated, or QSAR-ready, database that can now be used to guide 

the development of non-toxic novel hair dyes. The potential allergenic effects of hair dyes via 

direct binding to HLA will also be investigated in the future. 

 Overall, this work has shown the broad application of state-of-the-art cheminformatics 

methods for modeling and studying very complex protein-ligand complexes as well as large and 

diverse chemical databases. As the development of artificial intelligence platforms is gearing up 

in the context of drug discovery, this work contributes to the advancement of both structure-

based and ligand-based cheminformatics methods, all being ultimately incorporated in the next-

generation AI decision workflows. The latter are poised to significantly shape drug discovery 

and rational chemical design in the 21rst century.  
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Figure A1. Binding mode interaction diagrams of peptides (A) P1, (B) P2, and (C) P3 in the 

binding pocket of HLA-B*57:01 from X-ray crystals 3VRI, 3VRJ, and 3UPR, respectively. 
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A B C 

   
D E F 

   
G H I 

 

Figure A2. Generated binding site surfaces for 3VRI (red), 3VRJ (dark blue), and 3UPR (dark 

green) using SiteMap. Hydrophic surfaces are represented in yellow, hydrophilic surfaces are 

turquoise, H-bond donors are light blue, and H-bond acceptors are brown. SiteMap was run 

under three conditions: (1) Abacavir as the reference ligand with peptide (A, B, and C), (2) 

abacavir as the reference ligand without peptide (D, E, and F), and (3) co-binding peptide was 

used as the reference ligand (G, H, and I).  
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Scoring  

Function 

Peptide  

P2 

RMSD 

(Å) 

SP 
(-) 7.14 

(+) 1.43 

XP 
(-) 6.92 

(+) 1.83 

 

Figure A3. Two views of self-docked abacavir with measured RMSD using crystal 3VRJ. 3VRJ 

native abacavir is shown in gray, abacavir using SP without P2 is shown in blue, abacavir using 

SP with P2 is shown in red, abacavir using XP without P2 is shown in orange, and abacavir using 

XP with P2 is shown in green. Note: SP and XP without P2 docks abacavir with the hydroxyl 

groups located at opposite ends of the binding site (180 degree rotation) 
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Scoring  

Function 

Peptide  

P3 

RMSD 

(Å) 

SP 
(-) 0.98 

(+) 1.22 

XP 
(-) 7.22 

(+) 1.19 

 

Figure A4. Two views of self-docked abacavir with measured RMSD using crystal 3UPR. 

3UPR native abacavir is shown in gray, abacavir using SP without P3 is shown in blue, abacavir 

using SP with P3 is shown in red, abacavir using XP without P3 is shown in orange, and abacavir 

using XP with P3 is shown in green. Note: XP without P3 docks abacavir with the hydroxyl 

groups located at opposite ends of the binding site (180 degree rotation) 
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Figure A5. Binding mode interactions of abacavir-B*57:01 found from crystal 3VRJ. A. Native 

abacavir binding mode from X-ray crystal 3VRJ with P2. B. Docked binding mode found using 

SP scoring function withot P2. C. Docked binding mode found using SP scoring function with 

P2. B*57:01 protein is represented as follows: Helix (cyan), sheet (magneta), and loops 

(salmon). The ligand is colored by element: Carbon (gray), nitrogen (blue), and oxygen (red). 

Ligand—amino acid interactions are colored as follows: side chain H-bonding (Dark Blue), 

backbone H-bonding (Red), and π-π stacking (Forest Green). 

Notes: -     SP and XP binding modes with P2 are the same. 

- SP and XP binding modes without P2 are extremely similar. It should be noted that in 

SP without P2 there are several residues that could possibly contribute to H-bonding 

with the hydroxyl group but these residues are well beyond 3 Å of the hydroxyl group 

or are found in a conformation that cannot undergo H-bonding. TYR85 (5.2 Å), 

ALA81 (6 Å), ASN77 (4.6 Å, incorrect orientation that causes repulsion), TYR118 

(6.5 Å).  

The XP results without P2 produced a very similar orientation as the SP without P2. 

However, there were some slightly different A.A. residues in the proximity of the 

hydroxyl group that were worth considering, with only one having a potential H-bond 

potential (TYR123 was with 3 Å of the hydroxyl group). The other A.A. considered 

were well beyond the 3 Å threshold (TYR 84, TYR 118, ALA81, and ASN 77)
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Figure A6. Binding mode interactions of abacavir-B*57:01 found from crystal 3UPR. A. Native 

abacavir binding mode from X-ray crystal 3UPR with P3. B. Docked binding mode found using 

SP scoring function with P3. C. Docked binding mode found using SP scoring function without 

P3. B*57:01 protein is represented as follows: Helix (cyan), sheet (magneta), and loops 

(salmon). The ligand is colored by element: Carbon (gray), nitrogen (blue), and oxygen (red). 

Ligand—amino acid interactions are colored as follows: side chain H-bonding (Dark Blue), 

backbone H-bonding (Red), and π-π stacking (Forest Green). Notes: XP binding mode without 

P3 docks abacavir with a rotation of 180 degrees (the hydroxyl group appears where the 

cyclopropyl moiety should be when compared to the native abacavir. This is similar to the case 

shown for 3VRJ SP and XP functions without P2. The ILE124 Hbond appears to be on the cusp 

of the H-bond limit (it is greater than 3 Å from the ligand). Also worth noting, is that depending 

on where abacavir is placed may or may not allow for H-bonding with the ASN77 residue (as 

shown in 3D representation of panel B). SP and XP binding modes with P3 produce similar 

abacavir orientations in the pocket.
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A 

 

B 

 

Figure A7. Docking score and eModel distributions reported as absolute values with threshold 

scores indicated at 7 kcal/mol (Docking Score) and 50 kcal/mol (eModel) measured using 3VRJ. 

A. Docking score distribution of the test set of compounds. B. eModel distribution of the test set 

of compounds. SP without P2 results are shown in red, SP with P2 results are shown as maroon, 

XP without P2 results are shown in light blue, and XP with P2 results are shown in dark blue.  
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A 

 

B 

 

Figure A8. Docking score and eModel distributions reported as absolute values with threshold 

scores indicated at 7 kcal/mol (Docking Score) and 50 kcal/mol (eModel) measured using 3UPR. 

A. Docking score distribution of the test set of compounds. B. eModel distribution of the test set 

of compounds. SP without P3 results are shown in red, SP with P3 results are shown as maroon, 

XP without P3 results are shown in light blue, and XP with P3 results are shown in dark blue.  
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Figure A9. eModel vs Docking Score plot for full set of test compounds with 3VRJ SP without 

P2 results are shown in red, SP with P2 results are shown as maroon, XP without P2 results are 

shown in light blue, and XP with P2 results are shown in dark blue. 

 

 
 

Figure A10. eModel vs Docking Score plot for full set of test compounds using 3UPR. SP 

without P3 results are shown in red, SP with P3 results are shown as maroon, XP without P3 

results are shown in light blue, and XP with P3 results are shown in dark blue. 
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Table A1. Statistical analysis of molecular docking’s ability to forecast HLA-B*57:01 liable 

drugs from the test set of compounds.  

  3VRI 3VRJ 3UPR 
  (-) P1 (+) P1 (-) P2 (+) P2 (-) P3 (+) P3 

Drugs Expected SP XP SP XP SP XP SP XP SP XP SP XP 

Abacavira 1 1 1 1 1 1 1 1 1 1 1 1 1 

Allopurinol 0 0 0 0 0 0 0 0 0 0 0 0 0 

Atorvastatin 0 0 1 0 0 0 0 0 0 0 1 0 0 

Carbamazepi
ne 

0 0 0 0 0 0 0 1 1 0 0 0 0 

Ciprofloxacin 0 1 0 0 0 1 0 0 0 1 0 0 0 

Clozapine 0 0 0 0 0 0 0 0 0 0 0 0 0 

Fenofibrate 0 1 1 1 1 1 1 0 0 1 1 0 0 

Flucloxacillinb 1 0 1 0 0 0 0 0 0 0 1 0 0 

Methyldopa 0 0 0 0 0 0 0 0 0 0 0 0 0 

Minocycline 0 1 1 0 0 1 1 0 0 1 1 0 0 

Pazopanibc 1 1 1 0 0 1 1 0 0 1 1 0 0 

Sertraline 0 0 0 0 0 0 0 0 0 0 0 0 0 

Simvastatin 0 0 0 0 0 0 0 0 0 0 0 0 0 

Ticlopidine 0 0 0 0 0 0 0 0 0 0 0 0 0 

TP 3 2 3 1 1 1 2 1 1 2 3 1 1 

FP 0 3 3 1 1 3 2 1 1 3 3 0 0 

TN 11 8 8 10 10 8 9 10 10 8 8 11 11 

FN 0 1 0 2 2 2 1 2 2 1 0 2 2 

Accuracy  0.71 0.79 0.79 0.79 0.71 0.79 0.79 0.79 0.71 0.79 0.86 0.86 

Sensitivity  0.67 1.00 0.33 0.33 0.67 0.67 0.33 0.33 0.67 1.00 0.33 0.33 

Specificity  0.73 0.73 0.91 0.91 0.73 0.82 0.91 0.91 0.73 0.73 1.00 1.00 

PPV  0.40 0.50 0.50 0.50 0.40 0.50 0.50 0.50 0.40 0.50 1.00 1.00 

NPV  0.89 1.00 0.83 0.83 0.89 0.90 0.83 0.83 0.89 1.00 0.85 0.85 

 a. See ref. [1–5] 

 
b. See ref. [6] 

c. See ref. [7] 

 

Table A1 Notes: 

 

 Values have been binned where a 1 represents the drug is HLA-B*57:01 liable (in the case 

of our model it passed both the DS and eM scoring thresholds) a 0 represents the drug is not HLA-

B*57:01 liable (it failed one or more of the criteria for activity within our model).  
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True positives (TP), false positives (FP), true negatives (TN), and false negatives (FN) were 

determined based on their expected activity. These were then used to calculate the accuracy, 

sensitivity, specificity, positive prediction value (PPV), and negative prediction value (NPV) [8]. 

We measured these statistical parameters for thoroughness, but it is important to remember that 

this model was developed for qualitative predictions of HLA-B*57:01 activity and not quantitative 

predictions.  

Accuracy was measured using the following equation: 

TP =  
TP+TN

TP+FP+TN+FN
. 

Sensitivity was measured using the following equation, 

Sensitivity =  
TP

TP+FN
. 

Specificity was measured using the following equation, 

Specificity =  
TN

FP+TN
. 

PPV was calculated using the following equation, 

PPV =  
TP

𝑇𝑃+𝐹𝑃
. 

NPV was calculated using the following equation, 

NPV =  
𝑇𝑁

𝑇𝑁+𝐹𝑁
.  
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Table A2. Pairwise tanimoto similarities of the test set of compounds measured using MACCS 

fingerprints.  

 

Drugs Aba Allo Ato Car Cip Clo Fen Flu Met Min Paz Ser Sim Tic 

Abacavir 

(Aba) 
1.00 0.48 0.48 0.43 0.55 0.49 0.15 0.35 0.33 0.34 0.43 0.38 0.23 0.42 

Allopurinol 

(All) 
0.48 1.00 0.35 0.39 0.41 0.32 0.19 0.44 0.29 0.34 0.44 0.21 0.17 0.30 

Atorvastatin 

(Ato) 
0.48 0.35 1.00 0.29 0.63 0.46 0.33 0.52 0.39 0.50 0.31 0.38 0.37 0.41 

Carbamazepine 

(Car) 
0.43 0.39 0.29 1.00 0.32 0.38 0.17 0.28 0.25 0.33 0.38 0.30 0.17 0.33 

Ciprofloxacin 

(Cip) 
0.55 0.41 0.63 0.32 1.00 0.56 0.32 0.49 0.40 0.43 0.33 0.37 0.37 0.49 

Clozapine 

(Clo) 
0.49 0.32 0.46 0.38 0.56 1.00 0.19 0.32 0.22 0.29 0.36 0.53 0.22 0.63 

Fenofibrate 

(Fen) 
0.15 0.19 0.33 0.17 0.32 0.19 1.00 0.39 0.44 0.38 0.18 0.28 0.41 0.20 

Flucloxacillin 

(Flu) 
0.35 0.44 0.52 0.28 0.49 0.32 0.39 1.00 0.36 0.45 0.40 0.28 0.30 0.32 

Methyldopa 

(Met) 
0.33 0.29 0.39 0.25 0.40 0.22 0.44 0.36 1.00 0.51 0.20 0.34 0.36 0.20 

Minocycline 

(Min) 
0.34 0.34 0.50 0.33 0.43 0.29 0.38 0.45 0.51 1.00 0.30 0.31 0.44 0.20 

Pazopanib 

(Paz) 
0.43 0.44 0.31 0.38 0.33 0.36 0.18 0.40 0.20 0.30 1.00 0.25 0.16 0.32 

               

               

Drugs Aba All Ato Car Cip Clo Fen Flu Met Min Paz Ser Sim Tic 

Sertraline 

(Set) 
0.38 0.21 0.38 0.30 0.37 0.53 0.28 0.28 0.34 0.31 0.25 1.00 0.24 0.46 

Simvastatin 

(Sim) 
0.23 0.17 0.37 0.17 0.37 0.22 0.41 0.30 0.36 0.44 0.16 0.24 1.00 0.20 

Ticlopidine 

(Tic) 
0.42 0.30 0.41 0.33 0.49 0.63 0.20 0.32 0.20 0.20 0.32 0.46 0.20 1.00 
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Table A3. Docking score Pearson correlation coefficients between B*57:01 crystals and model 

parameters.  

   3VRI 3VRJ 3UPR 
   (-) P1 (+) P1 (-) P2 (+) P2 (-) P3 (+) P3 
   SP XP SP XP SP XP SP XP SP XP SP XP 

3VRI 

(-) P1 
SP 1.00            

XP 0.75 1.00           

(+) P1 
SP 0.87 0.75 1.00          

XP 0.51 0.43 0.74 1.00         

3VRJ 

(-) P2 
SP 0.88 0.64 0.86 0.64 1.00        

XP 0.74 0.98 0.78 0.50 0.71 1.00       

(+) P2 
SP 0.80 0.58 0.87 0.63 0.84 0.61 1.00      

XP 0.40 0.26 0.73 0.70 0.51 0.31 0.63 1.00     

3UPR 

(-) P3 
SP 0.82 0.64 0.74 0.50 0.71 0.68 0.67 0.36 1.00    

XP 0.77 0.92 0.69 0.41 0.63 0.92 0.60 0.42 0.83 1.00   

(+) P3 
SP 0.65 0.75 0.57 0.27 0.64 0.79 0.61 0.27 0.81 0.85 1.00  

XP 0.41 0.55 0.68 0.74 0.47 0.60 0.43 0.74 0.50 0.73 0.54 1.00 

 

 

Table A4. eModel score Pearson correlation coefficients between B*57:01 crystals and model 

parameters.  

   3VRI 3VRJ 3UPR 
   (-) P1 (+) P1 (-) P2 (+) P2 (-) P3 (+) P3 
   SP XP SP XP SP XP SP XP SP XP SP XP 

3VRI 

(-) P1 
SP 1.00            

XP 0.64 1.00           

(+) P1 
SP 0.33 0.19 1.00          

XP 0.07 0.23 -0.04 1.00         

3VRJ 

(-) P2 
SP 0.84 0.51 0.60 0.11 1.00        

XP 0.65 0.97 0.21 0.26 0.43 1.00       

(+) P2 
SP 0.39 0.32 0.60 0.73 0.34 0.48 1.00      

XP -0.33 -0.12 0.09 0.83 -0.35 0.06 0.41 1.00     

3UPR 

(-) P3 
SP 0.74 0.58 0.52 -0.37 0.73 0.57 0.20 -0.65 1.00    

XP 0.68 0.94 0.21 0.22 0.56 0.93 0.26 -0.14 0.62 1.00   

(+) P3 
SP 0.82 0.62 0.65 0.71 0.72 0.71 0.91 -0.17 0.83 0.68 1.00  

XP -0.01 0.16 0.43 0.70 0.23 0.21 0.22 0.67 0.21 0.46 0.25 1.00 
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APPENDIX B 

 

 

Figure B1. Heat map representation of all pairwise Pearson correlation coefficients between all 

eModel (eM) scores. 
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Figure B2. Heat map representation of the interaction fingerprint similarity matrix clustered 

using the Ward algorithm. Docking was conducted in presence of peptide P2. Red cells indicate 

a low Tanimoto similarity (<0.3), yellow cells represent moderate Tanimoto similarity (0.3-0.7), 

and green cells indicate high Tanimoto similarity (>0.7).   
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Figure B3. Heat map representation of the interaction fingerprint similarity matrix clustered 

using the Ward algorithm. Docking was conducted in presence of peptide P3. Red cells indicate 

a low Tanimoto similarity (<0.3), yellow cells represent moderate Tanimoto similarity (0.3-0.7), 

and green cells indicate high Tanimoto similarity (>0.7).   
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Native Abacavir (3VRJ) 

  

A B 

 

DB001280 (DS: -8.9; eM: -75.0) 

 

DB02407 (DS: -7.4; eM: -67.4) 

C D 

 

DB04860 (DS: -10.5; eM: -64.6) 

E 

 

Figure B4. (A) Superimposition of a cluster of five drugs: Abacavir (red), DB01048 (abacavir 

from DrugBank, orange), DB01280 (purple), DB02407 (green), and DB04860 (blue) using their 

poses from the (XP + P2) docking results. Binding modes of (B) native abacavir (PDB: 3VRJ), 

(C) DB01280, (D) DB02407, and (E) DB04860 with their associated DS and eM scores.  
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Native Abacavir (3UPR) 

  

A B 

 

DB001280 (DS: -10.2; eM: -62.0) 

 

DB02407 (DS: -7.8; eM: -63.7) 

C D 

 

DB04860 (DS: -11.2; eM: -53.2) 

E 

 

Figure B5. (A) Superimposition of a cluster of five drugs: Abacavir (red), DB01048 (abacavir 

from DrugBank, orange), DB01280 (purple), DB02407 (green), and DB04860 (blue) using the 

poses from (XP + P3) docking results. Binding modes of (B) native abacavir (PDB: 3UPR), (C) 

DB01280, (D) DB02407, and (D) DB04860 with their associated DS and eM scores from the 

(XP + P3) docking.  
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Figure B6. Glide eM scores for abacavir (DB01048) and seven proposed HLA-B*57:01 active 

compounds identified by Metushi et al. from the ZINC database. Those seven compounds are: 

Acyclovir (DB00787), arranon (DB01280 or nelarabine), bohemine, cladribine (DB00242), 

minoxidil (DB00350), roscovitine, and sangivamycin. All eM scores are visualized as boxplots 

with superimposed, 1D-vertical scatter plots with applied horizontal jitter to prevent data point 

overlap. Each data point is color coded per the condition of docking: SP without peptide 

(salmon), PDB: 3VRI), SP with P1 (gold), XP with P1 (olive green), SP with P2 (green), XP 

with P2 (turquoise), SP with P3 (light blue), XP with P3 (blue), SP with P4 (purple), and XP 

with P4 (pink). The eM threshold score (eM < -50 kcal/mol) is marked as a black line on the plot. 
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Table B1. Recapitulative DS scores obtained for the 22 hit compounds identified from the 

screening of DrugBank.  

 

 P1 P2 P3 

 SP XP SP XP SP XP 

DrugBank ID (−) (+) (−) (+) (−) (+) (−) (+) (−) (+) (−) (+) 

DB00631 -7.4 -8.3 -7.2 -8.1 -7.4 -9.3 -7.2 -8.6 -7.9 -9.5 -8.0 -8.0 

DB00962 -7.3 -9.8 -7.2 -9.5 -7.9 -9.6 -7.8 -8.0 -8.9 -8.8 -8.5 -9.1 

DB01048 -8.6 -10.4 -8.4 -9.6 -8.0 -9.8 -7.3 -9.2 -8.3 -10.6 -7.9 -10.1 

DB01280 -8.0 -8.5 -8.6 -9.3 -8.1 -9.9 -8.1 -8.9 -7.3 -9.6 -8.6 -10.2 

DB01656 -7.6 -8.4 -8.8 -9.8 -7.1 -8.5 -8.4 -9.7 -7.9 -8.1 -7.4 -9.4 

DB09290 -7.5 -7.4 -8.0 -10.2 -7.3 -8.8 -8.0 -8.4 -8.6 -8.3 -8.6 -8.8 

DB04860 -7.1 -9.8 -7.5 -9.4 -7.2 -8.6 -7.4 -10.5 -8.3 -9.5 -8.9 -11.2 

DB04954 -7.2 -9.0 -8.7 -9.6 -7.7 -9.5 -8.2 -11.0 -8.0 -9.4 -8.7 -10.5 

DB01959 -8.5 -9.9 -8.2 -9.0 -8.7 -8.8 -8.1 -8.6 -9.0 -9.1 -8.4 -9.1 

DB02096 -7.1 -8.5 -8.1 -9.9 -7.6 -8.3 -8.3 -9.2 -7.2 -7.9 -8.1 -9.1 

DB02407 -8.3 -9.2 -8.4 -9.2 -8.4 -7.8 -8.1 -7.4 -8.5 -7.0 -8.1 -7.8 

DB02502 -7.3 -8.7 -7.7 -9.8 -7.6 -8.2 -7.8 -9.0 -8.4 -8.1 -8.1 -10.3 

DB02984 -8.5 -10.0 -8.8 -10.6 -8.7 -8.0 -8.9 -8.3 -8.5 -8.1 -8.7 -8.2 

DB03365 -7.7 -9.2 -8.8 -9.8 -7.8 -9.6 -8.6 -10.0 -7.6 -9.2 -7.8 -10.2 

DB03749 -7.5 -8.3 -7.6 -8.6 -7.1 -8.4 -7.5 -9.0 -7.4 -8.1 -7.7 -8.9 

DB03807 -8.0 -9.9 -7.8 -10.5 -8.4 -9.4 -8.2 -8.5 -8.7 -8.5 -8.8 -9.7 

 

  



 

225 

Table B1 (Continued). 

 

DB04518 -8.0 -8.8 -8.8 -10.4 -7.9 -9.3 -8.2 -9.3 -7.2 -9.4 -8.1 -9.6 

DB04769 -7.5 -9.3 -7.1 -8.9 -7.1 -9.8 -7.3 -10.1 -7.9 -9.7 -7.3 -10.2 

DB07051 -8.2 -9.5 -7.9 -9.7 -8.1 -8.9 -8.3 -9.2 -8.4 -8.9 -8.6 -9.3 

DB07151 -8.2 -9.9 -9.0 -10.6 -8.2 -10.5 -9.0 -11.0 -8.8 -10.6 -9.8 -11.3 

DB08048 -7.1 -8.1 -7.6 -7.8 -7.4 -8.8 -8.0 -8.3 -7.6 -8.2 -7.9 -8.8 

DB08485 -7.2 -8.5 -10.0 -11.2 -7.1 -8.6 -9.1 -7.6 -8.0 -9.6 -10.9 -11.5 

 

 

 

 

Table B2. Recapitulative eM scores obtained for the 22 hit compounds identified from the 

screening of DrugBank.  

 

 P1 P2 P3 

 SP XP SP XP SP XP 

DrugBank ID (−) (+) (−) (+) (−) (+) (−) (+) (−) (+) (−) (+) 

DB00631 -61.9 -61.3 -61.1 -55.2 -59.8 -69.7 -59.1 -59.2 -56.1 -72.0 -54.3 -61.6 

DB00962 -58.7 -72.8 -62.1 -71.0 -57.2 -72.6 -51.4 -69.4 -60.3 -56.7 -60.2 -52.9 

DB01048 -69.9 -81.7 -66.3 -77.7 -64.8 -82.3 -62.9 -82.2 -70.1 -91.4 -68.0 -95.0 

DB01280 -66.5 -67.3 -60.3 -59.2 -64.8 -79.4 -63.3 -75.1 -60.5 -67.8 -57.7 -62.0 

DB01656 -63.2 -64.0 -70.0 -71.2 -61.8 -52.9 -64.1 -52.8 -62.1 -62.5 -67.4 -64.9 

DB09290 -59.9 -61.6 -54.3 -56.0 -59.8 -60.3 -56.5 -57.5 -60.9 -58.8 -60.5 -54.9 

DB04860 -58.9 -69.7 -54.0 -55.0 -58.9 -64.4 -58.2 -64.6 -62.8 -68.1 -59.1 -53.2 

DB04954 -62.0 -71.0 -59.9 -61.8 -64.6 -78.5 -62.4 -78.2 -67.1 -76.5 -66.9 -73.2 
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Table B2 (Continued). 

 

DB01959 -69.0 -72.6 -68.9 -68.0 -70.9 -71.7 -70.1 -72.6 -65.8 -72.8 -64.0 -73.0 

DB02096 -52.8 -62.9 -54.6 -61.8 -53.8 -58.6 -56.9 -58.2 -51.6 -53.8 -52.5 -52.7 

DB02407 -62.8 -66.5 -57.6 -66.5 -62.1 -61.8 -55.9 -67.4 -62.8 -61.3 -55.8 -63.7 

DB02502 -55.1 -70.0 -50.7 -60.4 -56.0 -62.3 -56.0 -57.8 -57.3 -62.1 -52.0 -62.8 

DB02984 -67.4 -71.0 -68.7 -61.1 -68.4 -58.3 -62.4 -54.6 -63.2 -57.3 -59.3 -50.5 

DB03365 -60.0 -64.2 -62.5 -61.7 -61.5 -67.4 -63.1 -62.3 -59.8 -53.4 -57.7 -52.4 

DB03749 -57.7 -65.6 -60.6 -60.9 -63.8 -63.6 -60.4 -53.7 -57.4 -60.0 -55.4 -50.1 

DB03807 -59.5 -67.7 -54.1 -57.5 -60.9 -66.1 -56.8 -58.5 -59.3 -64.7 -57.4 -62.8 

DB04518 -60.3 -62.0 -56.6 -66.1 -61.9 -59.5 -58.6 -51.7 -58.6 -60.5 -62.9 -71.5 

DB04769 -53.7 -61.7 -51.8 -57.3 -53.9 -63.1 -51.7 -56.3 -55.8 -63.0 -52.4 -56.3 

DB07051 -58.0 -65.1 -54.7 -57.5 -57.7 -63.9 -51.3 -58.4 -55.7 -68.8 -53.4 -69.4 

DB07151 -63.7 -68.5 -59.1 -58.5 -64.3 -68.7 -60.8 -63.6 -66.5 -63.8 -65.1 -54.5 

DB08048 -53.0 -55.7 -55.0 -53.5 -52.9 -60.2 -56.9 -58.8 -56.1 -56.8 -55.5 -50.7 

DB08485 -57.4 -60.2 -52.2 -58.0 -56.9 -65.1 -57.2 -62.0 -63.0 -67.7 -57.6 -65.4 
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Table B3. Computed Tanimoto similarities for the 22 DrugBank hit compounds compared to 

abacavir using the 3D interaction fingerprint descriptors. 

 

DATABASE 

ID 

TIF 

XP + P1 XP + P2 XP + P3 

DB00631 0.24 0.68 0.75 

DB00962 0.63 0.67 0.76 

DB01048 0.88 1.00 0.96 

DB01280 0.79 0.70 0.65 

DB01656 0.64 0.68 0.73 

DB01959 0.48 0.61 0.67 

DB02096 0.65 0.66 0.74 

DB02407 0.68 0.55 0.73 

DB02502 0.45 0.74 0.61 

DB02984 0.60 0.76 0.82 

DB03365 0.45 0.59 0.75 

DB03749 0.41 0.55 0.67 

DB03807 0.50 0.60 0.73 

DB04518 0.56 0.80 0.73 

DB04769 0.44 0.43 0.55 

DB04860 0.75 0.55 0.59 

DB04954 0.56 0.42 0.81 

DB07051 0.44 0.59 0.75 

DB07151 0.65 0.68 0.67 

DB08048 0.30 0.48 0.55 

DB08485 0.56 0.58 0.67 

DB09290 0.51 0.56 0.64 
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APPENDIX C 

 

 
Figure C1. Docking score distributions of DrugBank compounds for (A) HLA-A*11:01, (B) 

HLA-B*27:05, (C) HLA-B*40:02, (D) HLA-B*51:01, (E) HLA-B*58:01.    
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Figure C2. eM score distributions of DrugBank compounds for (A) HLA-A*11:01, (B) HLA-

B*27:05, (C) HLA-B*40:02, (D) HLA-B*51:01, (E) HLA-B*58:01.    

  



 

230 

 
Figure C3. Docking score vs. eM score scatter plots for all DrugBank compounds for (A) HLA-

A*11:01, (B) HLA-B*27:05, (C) HLA-B*40:02, (D) HLA-B*51:01, (E) HLA-B*58:01. 
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Figure C4. Superimposition of DB00644 binding modes obtained from pan-HLA docking. 

Binding poses from HLA-A*11:01 are green, HLA-B*27:05 are magenta, HLA-B*40:02 are 

yellow, HLA-B*51:01 are teal, HLA-B*58:01 are orange. 
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Figure C5. Superimposition of DB02638 binding modes obtained from pan-HLA docking. 

Binding poses from HLA-A*11:01 are green, HLA-B*27:05 are magenta, HLA-B*40:02 are 

yellow, HLA-B*51:01 are teal, HLA-B*58:01 are orange. 
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Figure C6. Superimposition of DB06791 binding modes obtained from pan-HLA docking. 

Binding poses from HLA-A*11:01 are green, HLA-B*27:05 are magenta, HLA-B*40:02 are 

yellow, HLA-B*51:01 are teal, HLA-B*58:01 are orange. 
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Figure C7. Ligand-Protein 2D-interaction plot of DB00644 bound to (A) HLA-A*11:01, (B) 

HLA-B*27:05, (C) HLA-B*40:02, (D) HLA-B*51:01, (E) HLA-B*58:01. 
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Figure C8. Ligand-Protein 2D-interaction plot of DB02638 bound to (A) HLA-A*11:01, (B) 

HLA-B*27:05, (C) HLA-B*40:02, (D) HLA-B*51:01, (E) HLA-B*58:01. 
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Figure C9. Ligand-Protein 2D-interaction plot of DB06791 bound to (A) HLA-A*11:01, (B) 

HLA-B*27:05, (C) HLA-B*40:02, (D) HLA-B*51:01, (E) HLA-B*58:01. 
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Table C1. HLA Allelic frequency distributions by population (by %). 

Ethnicity 

A
*3

1:0
1

 

B
*5

7
:01

 

B
*1

5
:01

 

B
*1

5
:02

 

A
*1

1:0
1

 

B
*2

7
:05

 

B
*4

0
:02

 

B
*5

1
:01

 

B
*5

8
:01

 

C
*0

6
:0

2
 

 Cao et al. 2001 PID: 11543903 
NA  

African-
Americans 

0.8 2.4 1.0 0.2 2.4 1.2 0.2 1.2 6.4 11.3 

NA 
Caucasians 

3.2 4.2 6.0  7.0 2.2 1.5 5.7 1.1 8.7 

NA 
Hispanics 

4.9 1.9 2.8  5.8 2.6 5.1 6.2 1.1 6.8 

NA  
North-

American 
Natives 

7.8 2.1 7.2  2.7 8.6 5.9 11.2 0.8 5.6 

NA  
Asians 

3.1 1.0 4.7 4.9 23.1 1.4 3.2 6.7 7.4 3.6 

 Park et al. 2016 PID: 27511726 
Korean 5.5 3.2 9.0 0.2 10.1 2.5 4.6 9.4 6.2  

 Halgren et al. 2018 PID: 29696367 
BR 

Amarela 
5.1 1.9 3.9  6.2 1.6 2.8 8.2 1.9 6.9 

BR  
Branca 

4.5 2.5 3.5  5.7 2.1 1.7 8.4 1.7 9.0 

BR 
Indegena 

6.2 2.1 2.1 0.1 4.2 1.4 2.4 6.7 2.2 7.7 

BR Nao 
informado 

5.2 2.2 3.1  5.0 1.8 2.0 7.7 2.0 7.7 

BR Parda 5.1 2.1 2.7  4.8 1.6 2.0 7.2 2.3 7.8 
BR Preta 4.2 1.4 1.8  3.5 1.3 1.5 5.7 2.7 7.4 

 Grubic et al. 2014 PID: 24762167 
Croatian 2.3 1.1 3.9  6.9 4.0 2.2 2.5   

 Matevosyan et al. 2011 PID: 21501120 
Armenian 3.5 1.5 1.5  8.0 0.5  17.5   

 Chen et al. 2019 PID: 30592160 
CN Zhejian 

Han 
3.1 0.7 4.9 4.3 23.8 0.5 1.5 5.0 8.5 6.4 
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Table C2. Docking and eModel scores for DrugBank compounds with active (DS < -7 and eM < 

-50 kcal/mol) scores for pan-HLA variants.  

row ID A*11:01 B*27:05 B*40:02 B*51:01 B*58:01 

 DS eM DS eM DS eM DS eM DS eM 

DB00014 -8.4 -107.6 -7.8 -90.0 -9.5 -131.8 -7.2 -91.8 -7.1 -84.3 

DB00035 -8.4 -116.0 -10.2 -140.0 -7.2 -87.3 -9.6 -136.4 -7.8 
-

101.9 

DB00093 
-

10.2 
-135.4 -10.0 -147.6 -11.2 -142.4 -10.6 -140.0 -8.3 

-

107.5 

DB00290 
-

10.0 
-147.8 -9.7 -141.2 -11.1 -215.2 -12.0 -208.5 -8.9 

-

143.9 

DB00520 -9.4 -118.8 -8.5 -109.3 -7.4 -73.6 -8.1 -96.0 -7.9 -97.6 

DB00644 
-

10.4 
-129.0 -12.1 -199.7 -10.5 -150.8 -10.9 -148.5 -11.1 

-

160.4 

DB00666 -7.3 -84.5 -7.2 -70.4 -9.6 -138.8 -8.9 -108.2 -7.0 -69.9 

DB00781 
-

11.3 
-140.0 -10.9 -154.6 -9.7 -101.0 -10.3 -99.8 -9.1 

-

115.9 

DB00803 -7.9 -111.4 -9.2 -142.3 -8.6 -108.7 -9.8 -131.7 -8.4 
-

105.9 

DB01249 -9.4 -132.6 -9.0 -124.3 -8.0 -107.2 -9.0 -123.8 -8.8 
-

116.2 

DB01282 
-

10.5 
-137.3 -8.3 -100.5 -8.0 -98.0 -9.4 -115.3 -7.7 

-

101.0 

DB01288 -7.5 -66.5 -7.5 -69.2 -7.6 -68.3 -7.6 -59.2 -7.5 -63.6 

DB01610 -7.3 -89.7 -7.5 -78.7 -7.2 -77.1 -7.5 -68.3 -7.1 -80.5 

DB01777 -7.3 -106.2 -8.4 -111.4 -8.9 -137.7 -9.3 -125.8 -8.2 
-

124.6 

DB01969 -8.2 -119.1 -7.3 -107.0 -9.0 -126.9 -9.7 -145.1 -8.2 
-

103.5 

DB02067 -7.9 -132.0 -7.7 -115.0 -9.7 -148.2 -8.8 -119.3 -7.3 
-

119.0 

DB02136 -9.0 -147.3 -8.7 -123.6 -8.6 -92.6 -8.9 -113.6 -7.8 
-

123.5 

DB02223 -8.8 -134.5 -8.7 -146.5 -9.0 -150.2 -10.2 -157.5 -8.4 
-

127.8 

DB02516 -7.4 -110.3 -7.4 -110.1 -8.7 -142.5 -8.7 -107.3 -9.0 
-

144.2 

DB02553 -8.3 -116.3 -8.3 -139.1 -8.6 -125.2 -9.0 -111.1 -8.9 
-

119.3 

DB02574 -8.7 -112.5 -9.3 -138.1 -9.2 -126.7 -9.0 -112.3 -7.5 -98.4 

DB02638 
-

10.4 
-171.0 -9.7 -132.0 -10.1 -144.4 -10.8 -173.3 -10.4 

-

152.1 

DB02704 -8.8 -89.2 -7.6 -82.4 -7.7 -74.8 -9.0 -100.6 -7.3 -71.4 

DB02931 -8.7 -142.1 -9.7 -138.0 -9.9 -135.1 -10.2 -158.1 -9.8 
-

109.7 
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Table C2 (continued). 

DB03117 -7.4 -113.8 -7.0 -130.3 -8.0 -117.1 -8.0 -104.1 -7.0 
-

106.0 

DB03179 -8.1 -115.1 -8.3 -109.1 -8.9 -143.3 -8.3 -106.2 -9.0 
-

123.5 

DB03182 -7.6 -133.5 -8.2 -122.7 -8.4 -137.7 -8.5 -144.3 -7.3 
-

113.6 

DB03245 -7.2 -107.1 -7.6 -114.8 -8.3 -114.4 -8.6 -121.6 -8.2 
-

116.6 

DB03326 -7.8 -86.4 -7.1 -75.4 -8.0 -86.0 -7.6 -80.9 -7.9 -86.9 

DB03341 -8.8 -123.2 -9.0 -126.8 -9.2 -104.1 -10.5 -117.5 -8.5 
-

138.2 

DB03443 -7.1 -71.6 -7.3 -78.4 -7.1 -70.4 -8.8 -82.1 -7.7 -68.7 

DB03483 -7.5 -109.2 -7.9 -93.7 -8.1 -126.4 -8.9 -123.7 -8.5 
-

105.1 

DB03546 -7.6 -82.4 -7.1 -74.1 -7.6 -97.5 -7.9 -82.4 -7.5 -93.9 

DB03557 -8.9 -128.4 -9.0 -140.2 -10.5 -160.5 -11.0 -154.5 -8.8 
-

117.1 

DB03613 -7.3 -94.1 -8.3 -98.1 -9.7 -135.4 -10.2 -133.2 -8.3 
-

140.5 

DB03905 -8.2 -134.0 -7.8 -115.5 -9.4 -142.0 -9.3 -124.7 -9.1 
-

179.7 

DB03913 -8.6 -119.8 -8.3 -113.9 -8.4 -121.6 -9.8 -122.4 -7.4 
-

114.3 

DB03931 -7.3 -91.3 -7.2 -103.1 -8.5 -108.2 -7.7 -96.0 -9.2 
-

123.7 

DB04117 -8.7 -118.3 -7.3 -112.3 -7.6 -124.9 -9.2 -124.6 -8.7 
-

126.8 

DB04210 -8.3 -109.8 -9.1 -127.0 -9.0 -117.2 -10.4 -152.4 -8.2 
-

114.7 

DB04230 -7.4 -108.0 -7.7 -104.2 -9.1 -130.0 -9.0 -109.3 -7.2 
-

102.7 

DB04789 -7.1 -92.5 -7.7 -94.4 -8.1 -98.4 -7.1 -74.4 -7.0 -77.4 

DB04894 -7.7 -94.4 -7.9 -124.3 -8.2 -117.0 -10.4 -143.2 -8.7 
-

125.5 

DB05645 -7.8 -100.2 -7.7 -97.0 -8.2 -109.6 -10.4 -178.5 -8.3 -99.2 

DB06197 -7.1 -95.8 -7.4 -92.8 -8.3 -104.2 -10.3 -117.8 -7.5 
-

100.5 

DB06461 -8.7 -107.5 -9.6 -125.0 -8.6 -108.6 -8.3 -96.2 -7.0 -77.5 

DB06791 
-

10.1 
-135.9 -10.5 -139.6 -10.6 -136.6 -11.1 -128.1 -10.9 

-

133.0 

DB08038 -8.9 -95.1 -8.1 -85.0 -8.8 -90.6 -7.5 -71.4 -7.7 -75.4 

DB09059 -8.8 -121.5 -9.5 -120.2 -7.1 -88.4 -10.8 -125.5 -7.3 -95.5 

DB09335 -8.4 -98.6 -8.4 -94.5 -8.4 -88.7 -8.6 -91.7 -7.3 -85.6 

DB09487 -8.8 -137.6 -9.3 -125.4 -8.3 -108.8 -10.4 -143.8 -10.6 
-

138.6 
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Table C2 (continued). 

DB11510 -8.4 -121.6 -7.8 -89.8 -9.1 -130.7 -10.5 -164.5 -8.9 
-

138.0 

DB11602 -8.5 -101.0 -8.6 -102.5 -8.2 -89.7 -8.2 -95.6 -7.4 -85.7 

DB11628 -9.6 -135.0 -9.5 -123.2 -10.6 -155.3 -8.8 -105.4 -8.9 
-

134.0 

DB11761 -9.2 -139.0 -10.0 -148.5 -9.5 -142.4 -9.8 -85.1 -7.6 
-

101.9 

DB11782 -8.3 -97.4 -10.1 -125.1 -9.2 -101.3 -9.7 -113.9 -7.4 -83.3 

DB11810 -7.3 -107.2 -8.9 -132.5 -7.6 -105.1 -9.9 -126.2 -7.3 
-

101.5 

DB11842 -7.1 -96.0 -7.9 -97.2 -7.7 -104.9 -7.5 -104.4 -7.3 -91.8 

DB11871 -8.6 -106.6 -7.5 -98.5 -7.3 -92.2 -8.4 -99.2 -7.1 -86.4 

DB11996 -7.3 -102.9 -8.4 -156.6 -8.2 -111.9 -10.1 -142.4 -7.1 
-

103.5 

DB12370 -8.4 -116.9 -10.1 -156.9 -8.7 -103.5 -9.8 -123.7 -8.4 
-

116.2 

DB12439 -8.6 -122.0 -10.5 -144.2 -8.7 -137.6 -9.2 -121.4 -8.8 
-

125.8 

DB12559 -8.7 -96.1 -7.6 -98.9 -8.4 -101.7 -8.0 -114.3 -7.6 -81.1 

DB12613 -8.2 -93.1 -9.6 -96.2 -8.4 -76.4 -8.8 -100.3 -8.8 
-

113.0 

DB12678 -8.0 -87.4 -10.7 -129.7 -7.7 -88.5 -9.5 -108.8 -7.5 -96.6 

DB12846 -7.3 -71.0 -7.5 -78.0 -8.5 -87.7 -7.7 -80.0 -7.9 -76.5 

DB13067 -8.9 -102.3 -9.7 -127.9 -7.8 -91.2 -10.9 -129.4 -8.5 
-

104.0 

DB14070 -7.4 -87.9 -8.8 -100.7 -8.8 -98.1 -9.3 -99.0 -9.9 
-

109.3 

DB14128 -8.1 -88.4 -7.1 -95.9 -8.1 -90.6 -9.5 -108.1 -7.4 -90.4 

DB14554 -8.1 -128.8 -8.0 -114.5 -7.4 -123.4 -8.9 -110.4 -8.9 
-

146.1 

DB14642 -9.1 -120.8 -10.0 -150.1 -10.5 -134.4 -11.2 -140.4 -8.6 
-

109.5 
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Table C3. eModel scores of DrugBank Compounds Associated with HLA-Mediated ADR 

DrugBank 

Id 
Name 

A
*
1
1
:0

1
 

B
*
2
7
:0

5
 

B
*
4
0
:0

2
 

B
*
5
1
:0

1
 

B
*
5
8
:0

1
 

DB00252 Phenytoin -40.4 -32.0 -37.4 -42.8 -33.6 

DB00437 Allopurinol -32.5 -31.3 -36.0 -32.2 -28.8 

BD00564 Carbamazepine -36.4 -32.9 -40.8 -46.6 -35.7 

DB00776 Oxcarbazepine -36.4 -33.5 -42.9 -45.6 -34.0 

DB01048 Abacavir -45.1 -39.4 -42.5 -43.8 -41.3 

DB01190 Clindamycin -56.0 -53.6 -48.5 -60.4 -54.3 

DB01202 Levetiractem -34.8 -24.7 -38.1 -40.7 -31.2 

DB01174 Phenobarbital -39.1 -30.6 -39.1 -40.8 -39.0 
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Table C4. Measured RMSD from superimposition of docked DB00644 poses across pan-HLA. 

DB00644 A*11:01 B*27:05 B*40:02 B*51:01 B*58:01 

A*11:01 Ref     

B*27:05 4.67 Ref    

B*40:02 12.22 12.39 Ref   

B*51:01 5.63 7.29 12.01 Ref  

B*58:01 11.21 10.45 13.52 11.99 Ref 
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Table C5. Measured RMSD from superimposition of docked DB02638 poses across pan-HLA. 

DB02638 A*11:01 B*27:05 B*40:02 B*51:01 B*58:01 

A*11:01 Ref     

B*27:05 9.46 Ref    

B*40:02 12.23 12.14 Ref   

B*51:01 2.41 9.62 11.95 Ref  

B*58:01 12.46 11.35 9.48 12.56 Ref 

 

  



 

244 

Table C6. Measured RMSD from superimposition of docked DB06791 poses across pan-HLA. 

DB09487 A*11:01 B*27:05 B*40:02 B*51:01 B*58:01 

A*11:01 Ref     

B*27:05 9.39 Ref    

B*40:02 10.93 6.12 Ref   

B*51:01 10.89 8.12 9.86 Ref  

B*58:01 3.73 10.11 11.62 11.14 Ref 
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APPENDIX D 

Hierarchical Clustering Stability: 

Hierarchical clustering was performed on 313 HDSD compounds using 53 uncorrelated 

descriptors with distances between HDSD dyes determined with Euclidean distances and cluster 

groupings with the Ward linkage. Cluster assignments were determined using visual inspection as 

described by James et al. and the ‘factoextra’ R-package.1,2 Next, the clustering reliability was 

analyzed by measuring cluster stability and purity. Cluster stability measures consider how 

susceptible the data is to noise from the descriptor matrix. This was performed using the R-package 

‘clValid’ which computes three stability measures: Average Proportion of Non-Overlap (APN), 

Average Distance Between Means (ADM), and Figure of Merit (FOM).3 All three measures should 

be minimized (scores of 0 indicate ‘good’ clustering stability), but APN has an upper-bound of 1, 

while the other three measures do not have an upper-bound. These scores were also calculated for 

average, single, and complete linkages. Cluster purity was also calculated for the average, single, 

and complete linkages using the Ward linkage cluster results as a reference for comparison. Purity 

is a measure of how accurate a clustering assignment is between two clustered datasets and a score 

of 1 indicates a perfect clustering assignment.4 

Stability and purity scores for Hierarchical clustering analysis is provided in Table D1. 

Interestingly, the APN scores for all four linkages are considered to be excellent as they are close 

to zero. The other two stability scores (ADM, and FOM) do not have an upper-bound value, so 

scores that are greater than one can still indicate a stable cluster as occurs for ADM (range of 0 to 

2) and FOM (range of 0.8 to 0.9). Using the Ward linkage clustering results as a reference it was 

possible to measure a purity score for average, single, and complete linkages. Notably, both 

average and complete linkages had purity scores of 0.62 and 0.72, respectively. Clustering with 

the single linkage resulted in the lowest purity score of 0.34. Varying the linkage method served 

as an external validation to determine the reliability of HDSD hierarchical clustering. 

Next, cluster stability was tested under conditions of plausible data variation in the dataset 

using bootstrap sampling. Cluster bootstrap sampling was implemented using the ‘fpc’ R-

package.5 First, normal clustering is performed on the original dataset, then a new dataset is 

developed using random sampling that duplicates some data points and removes other entries.6 

This new dataset is then clustered and a purity score is measured between the clustered datasets. 

Unlike the previous purity score used to compare clustering results between different linkages, the 
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purity score generated from the clusterboot() function is by cluster. This enables the individual 

clusters to be analyzed.  

Individual cluster purity scores measured by cluster bootstrap sampling with Ward, 

average, single, and complete linkages are provided in Table D2. For each sampling, 100 

clustering iterations were performed. A purity score less than 0.5 indicates a dissolved or unstable 

cluster and purity scores greater than 0.6 indicate that an observable pattern is present in the data. 

Highly stable clusters will have scores greater than 0.8.6,7 Using the Ward linkage clusters 1 and 2 

are considered highly stable with scores greater than 0.7 (Table D2). Notably, clusters 3, 4, and 6 

all had scores above 0.5, but below 0.6; this means that these clusters may be unstable. Clusters 7 

and 9 are considered stable with measured purity scores of 0.66 and 0.69, respectively. The only 

cluster determined to be fully unstable was cluster 8 with a score of 0.49. The large variation in 

individual cluster purity scores may be a result of differing sizes between clusters. Future HDSD 

studies will use a more stringent clustering assignment procedure that fully utilizes the validity 

measures of ADM, FOM, and APN.  

Additionally, our initial clustering analysis was performed after removing 10% of the 

HDSD compounds. This resulted in the clustering of 282 HDSD compounds over 10 iterations. 

The average purity score from this analysis was 0.87 which indicates that the observed clusters are 

highly stable when the row dimensionality (i.e., noise introduced by compound entries) is 

decreased. 

Due to the favorable APN, ADM, and FOM stability scores, and high purity scores when 

row dimensionality and linkage method were varied, it was determined that the observed HDSD 

clusters is not occurring from noise within the data. The clustered results from the Ward linkage 

were selected for further analysis because previous studies have analyzed organic-synthetic dyes 

using the same methodology.8  
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Table D1. Stability and purity measures for Hierarchical clustering results using Ward, average, 

single, complete, and centroid linkages. The purity measure for Ward linkage is not provided 

because this was used as the clustering reference. 

 APN AD ADM FOM Purity 

Ward 0.15 7.09 1.24 0.79 Ref. 

Average 0.01 8.59 0.16 0.91 0.62 

Single 0.0026 8.84 0.04 0.93 0.34 

Complete 0.32 8.38 1.97 0.86 0.72 

 

 

Table D2. Individual cluster purity scores determined by bootstrap resampling of clustered data. 
 Cl1 Cl2 Cl3 Cl4 Cl5 Cl6 Cl7 Cl8 Cl9  

Ward 0.70 0.84 0.55 0.62 0.56 0.56 0.66 0.47 0.69  

Average 0.95 0.83 0.58 0.72 0.66 0.47 0.70 0.62 0.57  

Single 0.98 0.64 0.69 0.49 0.67 0.67 0.62 0.63 0.64  

Complete 0.65 0.36 0.40 0.59 0.70 0.40 0.68 0.69 0.38  
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1. SIMILARITY SEARCH ANALYSES 

 

 

Figure E1. Workflow describing the 2 similarity searches conducted to narrow down the selection of 

MWDL compounds to 3 for in silico quantum calculations and dye uptake studies. 
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Figure E2. Histograms featuring Tc values seen for MWDL compounds (2,196 total) and the free 

amine forms of C.I. Basic Orange 1 (A) and C.I. Basic Orange 2 (B) pairs. 

 

2. HIGH RESOLUTION MASS SPECTROMETRY ANALYSIS 

 HRMS analysis was carried out on a high resolution mass spectrometer, the Thermo 

Fisher Scientific Exactive Plus MS, a benchtop full-scan Orbitrap mass spectrometer, with an 

Heated Electrospray Ionization (HESI) source. The mass spectrometer was operated in positive 

ion mode. The operating conditions for ion formation were a spray voltage of 3.5 kV, capillary 

temperature of 350oC and heater temperature of 300oC, a S Lens RF level of 70 V, sheath gas 

flow rate of 60, resolution of 70,000, and a scan range of 200 – 800 m/z (85A, 98G, 100F, 126 

hydrolyzed form) or 200 – 1000 m/z (BO2 protonated and free amine forms). Samples were 

dissolved in DMF and acetonitrile and analyzed via flow injection into the mass spectrometer at 

a flow rate of 200 µL/min. The mobile phase consisted of 90% acetonitrile with 0.1% formic 

acid and 10% water with 0.1% formic acid. 
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NCSU-MWDL-[AZ]-[Y]-X-5432-85A (85A): (C11H11N5O): MTheoretical: 230.10364 [M+H]+, 

MExperimental: 230.10371 [M+H]+, ΔM: 0.307 ppm. 

NCSU-MWDL-[AZ]-[O]-X-5432-98G (98G): (C10H10N6O2): MTheoretical: 247.09380 [M+H]+, 

MExperimental: 247.09369 [M+H]+, ΔM: -0.435 ppm. 

 

NCSU-MWDL-[AZ]-[R]-X-5432-100F (100F): (C12H13N5O2): MTheoretical: 260.11420 [M+H]+, 

MExperimental: 260.11445 [M+H]+, ΔM: 0.957 ppm. 

 

NCSU-MWDL-[AZ]-[O]-X-5432-126F (hydrolyzed form) (126F*): (C12H14N5O
+): MTheoretical: 

244.11929 [M]+, MExperimental: 244.11934 [M]+, ΔM: 0.219 ppm. 

 

C.I. Basic Orange 2 (protonated form): (C12H13N4): MTheoretical: 213.11347 [M]+, MExperimental: 

213.11306 [M]+, ΔM: -1.916 ppm. 

 

C.I. Basic Orange 2 (free amine form): (C12H12N4): MTheoretical: 213.11347 [M+H]+, MExperimental: 

213.11350 [M+H]+, ΔM: 0.126 ppm 
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3. QUANTUM CALCULATION ANALYSES 

Table E1. HOMO-LUMO energies and ESP min and max values for dyes 85A, 85A, 98G, 

100F, 126F/126F*, and C.I. Basic Orange 1 and 2. 

Dye 

HOMO 

(Hartees) 

LUMO 

(Hartees) 

HOMO-LUMO Gap ESP Min 

(Kcal/Mol) 

ESP Max 

(Kcal/mol) eV Hartees Kcal/mol 

85A -0.239 -0.106 -3.631 -0.133 -83.741 -37.34 40.64 

98G -0.215 -0.084 -3.553 -0.131 -81.940 -41.37 51.52 

100F -0.222 -0.094 -3.477 -0.128 -80.177 -39.53 38.48 

126F -0.366 -0.228 -3.737 -0.137 -86.170 0.00 131.15 

126F* -0.352 -0.217 -3.679 -0.135 -84.845 0.00 128.47 

C.I. 

Basic 

Orange 1 

-0.194 -0.082 -3.049 -0.112 -70.306 -24.21 41.42 

C.I. 

Basic 

Orange 2 

-0.200 -0.074 -3.442 -0.126 -79.367 -24.31 41.69 
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Figure E3. Partial charges for dyes 85A, 98G, 100F, and 126F/126F*. 
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4. HUMAN SKIN SENSITIZATION PREDICTIONS 

Table E2. Results from human skin sensitization predictions (binary data) using by Pred-

Skin.1 

Dye Prediction Probability 

85A Non-Sensitizer 0.6 

98G Sensitizer 0.6 

100F Non-Sensitizer 0.5 

126F Non-Sensitizer 0.5 

126F* Non-Sensitizer 0.5 

C.I. Basic Orange 1 Sensitizer 0.8 

C.I. Basic Orange 2 Sensitizer 0.8 

1Braga, R. C.; Alves, V. M.; Muratov, E. N.; Strickland, J.; Kleinstreuer, N.; Trospsha, A.; Andrade, C. 
H. Pred-Skin: A Fast and Reliable Web Application to Assess Skin Sensitization Effect of 
Chemicals. J. Chem. Inf. Model. 2017, 57, 1013-1017. DOI: 10.1021/acs.jcim.7b00194 

 

5. DYE UPTAKE ON HAIR FIBERS 

 The basis for all color measurement systems is based on the 1931 CIE system of color 

specification that quantifies the color of a substrate as a point in the three-dimensional CIE color 

space using the parameters L*, a*, b*, C*, and ho.1  The parameters L*, a*, and b* represent the 

lightness (amount of reflected light on a scale of 0 to 100), greenness (-) to redness (+) on a scale 

of -100 to 100, and yellowness (-) to blueness (+) of on a scale of -100 to 100 of the substrate, 

respectively, while the parameters C* and ho represent the chroma (saturation degree on a scale 

of 0 to 100) and hue (denoted as an angle where 0° is red, 90°is yellow, 180° is green, and 270° 

is blue) of the substrate, respectively.  The color differences between hair fibers dyed with 126F* 

using methanol/H2O as the dyeing medium or a dispersion (reference/standard) relative to hair 

fibers dyed with 126F* using methanol as the dyeing medium or a solution are represented in 

Figure E4.  Based on the differences seen in L*, a*, b*, and C*, the hair fibers dyed with 126F* 

using methanol as a dyeing medium were lighter, greener, bluer, and less saturated (or duller).  

http://labmol.com.br/predskin/
http://labmol.com.br/predskin/
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Based on differences in ho, the hair fibers dyed with 126F* using methanol as a dyeing medium 

were more yellow. The overall color difference based on ΔECMC and ΔE2000 values was large. 

 

Table E3. Colorimetric data for hair fibers dyed for 40 min at 40oC using 0.33 w/v% 85A, 

100F, 126F*, and C.I. Basic Orange 2. 
 

Sample L* a* b* C* ho 

Undyed Fiber 74.71 2.54 24.61 24.74 84.11 

85A 51.44 17.07 49.37 52.24 70.93 

100F 68.00 9.68 31.46 32.91 72.89 

126F* (Dispersion) 64.74 9.19 54.45 55.22 64.74 

126F* (Solution) 72.13 2.92 41.32 41.42 72.13 

C.I. Basic Orange 2 48.98 41.79 52.88 67.39 51.68 

 

Reference: 

1. Christie, R. M. The Physical and Chemical Basis of Colour. In Colour Chemistry; Royal Society of   

Chemistry: Cambridge, United Kingdom, 2015; Vol. 2, pp 21-71. 

 

 

Figure E4. Colorimetric differences between keratin fiber dyed using 126F* using 

methanol/H2O as the dyeing medium or a dispersion (standard/reference) versus methanol as 

the dyeing medium or a solution. 
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Table E4. Summary of dye uptake results. 

Dye Medium 

Dye Concentration 

(w/v%) 

Percent Exhaustion 

(%) 

85A Methanol/H2O 0.33 33.6 

100F Benzyl Alcohol 0.33 38.7 

126F* (Dispersion) Methanol/H2O 0.33 41.3 

126F* (Solution) Methanol 0.33 14.3 

C.I. Basic Orange 2 Methanol/H2O 0.33 - 

 

 

 


