
Using model ADME-Tox proteins to advance computer guided drug discovery 

Establishing reliable physical models to predict the affinity of small molecules to biomolecular targets and anti-
targets will accelerate the structure-based design of drugs and chemical biology probes. Currently, computational 
methods such as docking or pharmacophore models are widely used in virtual screening in early stages of drug 
discovery to select subsets of compound libraries for experimental screening or for hypothesis generation in terms 
of binding sites and poses [1], while quantitative structure-activity relationship (QSAR) models are employed to 
predict properties relevant to ADME-Tox. Despite their popularity, these inexpensive methods are highly 
inaccurate, and are not able to predict affinities with sufficient accuracy to guide molecular design during lead 
optimization [1,2]. To bridge this gap in computational modeling capabilities, alchemical free energy calculations 
are developed to provide rigorous binding free energy estimates using atomistic simulations [3]. In well-behaved 
protein systems, free energy calculations have been shown to achieve RMS errors in the 1-2 kcal/mol range [4,5]. 
This opens the possibility for these methods to assist the lead optimization stage of drug discovery and to be used 
for hypothesis testing: predicting binders vs. non-binders [1]. But beyond promising results from initial model 
systems, the robustness of alchemical free energy methods in general target classes is unknown. It is crucial to 
test the current methods with technically challenging proteins to push the boundary of application areas, such as 
ADME-Tox implicated proteins. Establishing success in this area will make the prediction of protein interaction 
related ADME-Tox properties possible for even novel chemical designs, where QSAR models are insufficient. 
Starting from a target, drug development takes on average 13 years and has a 95% failure rate [6]. 85% and 77% 
of projects that fail at Preclinical phase and Phase I are due to pharmacokinetics or safety problems [7]. To 
increase success rate of new chemical entities, there is a critical need to predict off-target binding, for which the 
use of alchemical free energy methods is largely unexplored. This is a missed opportunity, considering abundance 
of structural information available that can be exploited to anticipate off-target binding and ADME-Tox issues much 
earlier. Without knowing which computational methods can provide accurate estimates to aid medicinal chemists in 
designing potent and specific small molecules to fight cancer and other diseases, the time and effort required to 
translate basic biology knowledge to impact on patient lives will remain as long as it is today.  
My long-term goal is to make the broad use alchemical free energy methods in drug discovery possible by 
improving protocols to overcome known challenges posed by protein and ligand properties. This requires 
assessing the accuracy of alchemical free energy methods in diverse systems. In the present proposal, I will 
dissect the performance of alchemical free energy methods by comparing computational predictions to 
highly accurate experimental measurements by taking advantage of model ADME-Tox related binding 
systems with isolated challenges. Challenging features abundant in real pharmaceutical targets include: multiple 
binding sites, protonation and tautomerization state changes, presence of water, metal ions and cofactors in 
binding sites, and presence of multiple protein conformations and ligand poses. My central hypothesis is that the 
best way to rapidly advance the accuracy of current alchemical methods is through the study of model systems 
that isolate individual challenges to establish protocols capable of accurate predictions.  
Model systems have provided great contributions to our understanding of protein-ligand interactions. Studies of 
host-guest systems [9], T4 lysozyme mutants [10,11], trypsin/benzamidine binding [12] and FKBP12 inhibitors [13] 
have revealed opportunities for improving quantitative affinity prediction. Despite this, there is a complexity gap 
between pharmaceutical targets and the model systems studied so far which limits the current application domain 
of binding free energy prediction methods [8]. I plan to develop two model binding systems that represent 
challenges of multiple binding site and proximal cofactors in isolation from other conflated challenges: Human 
Serum Albumin (HSA) and Cytochrome P450 (CYP) BM3. These proteins are promiscuous binders and relevant to 
ADME-Tox: binding to HSA and CYP family are major factors that determine drug distribution and metabolism. 
I aim to demonstrate the accuracy of computational affinity prediction methods with multiple binding sites 
using HSA as a model. HSA is the most abundant protein in blood plasma and has exceptional ability to bind a 
variety of small molecule drugs and it has at least eight known binding sites. HSA isolates the challenge of 
multiple ligand binding sites in a stable rigid protein, while also being pharmacologically relevant because 
of how it drastically modulates drug pharmacokinetics [14]. In preliminary work, I have determined several 
kinase inhibitors have significant affinity to HSA, including ponatinib, a leukemia drug whose sales were suspended 
by FDA in 2013 due to blood clotting reports [15] which could be related to its blood distribution profile. 
HSA has two major well-characterized binding sites: Sudlow’s Site I and Site II, each known to bind a variety of 
drugs [16]. Two selective fluorescent probes—dansylamide and dansylglycine—bind with μM affinity to Sites I and 
II (Fig 1B) [17]. Multiple biophysical assays can be performed on HSA: Fluorescence competition assays can 
measure affinity to each binding site using selective fluorescent probes; affinities of soluble molecules can be 
measured via isothermal titration calorimetry (ITC); the tryptophan residue proximal to Sudlow’s Site II permits the 



use of fluorescence quenching to measure ligand 
affinities. Using these methods in combination, I aim to 
build an affinity dataset of up to 10 non-steroidal anti-
inflammatory drugs (NSAIDs) with HSA, measuring 
global and site-specific affinities to the Sudlow binding 
sites. I plan to use commercially available recombinant 
HSA from rice, which is free from glycosylation and 
defatted to remove bound fatty acids. We are also 
developing binding assay analysis protocols based on 
Bayesian inference to take into account all possible 
sources of error to reliably determine uncertainties in 
our affinity measurements.  
Absolute binding free energies will be calculated and 
compared to experiment to identify opportunities for 
algorithmic improvements. I will use the MSKCC GPU 
computing cluster and open source software 
developed in our group [18]. By introducing point 
mutations near binding sites, new affinity datasets can 
be collected to challenge computational predictions. 
I will test the predictive modeling of ligand binding to multiple weak sites of a promiscuous binder by 
constructing an affinity dataset based on drug fragment-like small molecule HSA ligands. Small soluble 
molecules resembling drug fragments have high tendency to bind to HSA. More than 90% of such fragments were 
detected as binders using surface plasmon resonance (SPR)[19]. This study suggests that by screening drug-like 
fragment libraries, I can identify a diverse set of experimentally tractable ligands spanning several orders of 
magnitude in affinity. The advantage of using soluble fragment library compounds will be that they will be more 
suitable for gold-standard ITC experiments due to their higher solubilities. As current advanced computational 
methodologies assume a single well-defined high-affinity binding site [20], generating this dataset will allow 
observing the effects of weak multiple binding in isolation from other major challenges (Fig 1B). I will obtain a 
library of 96 soluble drug-fragment-like molecules in pre-plated format as dry compound, and use our automated 
ITC pipeline to characterize the overall binding affinities to HSA. The same ligands pre-plated in DMSO format will 
be used to conduct a separate set of assays to measure site-specific affinities by monitoring fluorescence 
quenching and utilizing competition assays with site-specific fluorescent probes. In assessing predictions of 
absolute binding free energy calculations, I will focus on several challenging aspects of this model system: 
predicting overall affinity of weak binders and stoichiometry, and site-specific affinity.  
I will characterize the sensitivity of binding free energy predictions to the presence of cofactors using 
Cytochrome P450 BM3 mutants as a model system. Cytochrome P450 (CYP) is a superfamily of heme-
dependent monooxygenases which are important for drug metabolism. Knowing how a drug will be metabolized 
is critical for predicting drug clearance and toxicity of metabolites. CYP BM3 (also named CYP102A1) is 
soluble homolog with high enzymatic activity from Bacillus megaterium [21]. The mutant construct CYP BM3 M11 
has been developed through extensive mutagenesis studies to be used as a biotechnology tool to model human 
drug metabolite production [22]. The CYP BM3 M11 heme domain has one substrate binding site proximal to the 
heme group and is suitable for use as a model system. It has been shown to exhibit differential binding to NSAIDs, 
and ligand binding can be measured by monitoring absorbance change in the Soret band of the heme [22]. My 
preliminary experiments indicate that binding assays based on monitoring tryptophan fluorescence quenching are 
also possible. I will develop a binding affinity dataset using different drugs and binding site mutants to serve as a 
reference set to test how the heme group affects computational affinity and binding pose predictions. Comparison 
of experimental data and predictions will suggest patterns that indicate the origin of significant errors. 
The proposed work will drive expansion of the domain of applicability of alchemical free energy methods 
to ADME-Tox related proteins, pinpoint sensitivities in affinity predictions, and suggest approaches for 
the proper treatment for target classes that have multiple binding sites or cofactors proximal to binding 
sites. Knowing how such challenges affect the accuracy of affinity estimates will be a step towards establishing 
better protocols and best practices for computational affinity predictions for protein targets and off-targets. This 
study will reduce the barriers to broad use of free energy calculations in drug discovery and advance our 
quantitative understanding of molecular recognition. I envision wide use of binding free energy predictions to 
assess the pharmacokinetics and toxicities of candidate molecules earlier in drug discovery pipelines, reducing 
overall failure rates in structure based drug design. 

Figure 1(A) Ligand set for wild type HSA with wide range of affinities will 
be constructed by screening fragment libraries. Mutating a binding side 
residue, we will create a second challenge target for prospective testing 
of computational predictions. (B) HSA with drug molecules superimposed 
to their positions in crystal structures with HSA [14]. Green and purple 
colored ligands indicate major drug binding sites Sudlow’s Site I and Site 
II, respectively. Dansylamide and dansylglycine excibit binding-enhanced 
fluorescence at 480 nm allowing construction of a binding curve. 
Dansylamide was shown to bind primarily to Site I (Kd ~ 5 μM) and 
dansylglycine was shown to bind primarily to Site II (Kd ~ 2 μM) [17].  
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