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Abstract

Peroxisome proliferator-activated receptor-gamma (PPARY) is a nuclear hormone receptor
involved in regulating various metabolic and immune processes. The PPAR family of receptors
possesses a large binding cavity that imparts promiscuity of ligand binding not common to other
nuclear receptors. This feature increases the challenge of using computational methods to identify
PPAR ligands that will dock favorably into a structural model. Utilizing both ligand- and
structure-based pharmacophore methods, we sought to improve agonist prediction by grouping
ligands according to pharmacophore features, and pairing models derived from these features with
receptor structures for docking. For 22 of the 33 receptor structures evaluated we observed an
increase in true positive rate (TPR) when screening was restricted to compounds sharing
molecular features found in rosiglitazone. A combination of structure models used for docking
resulted in a higher TPR (40%) when compared to docking with a single structure model (less than
20%). Prediction was also improved when specific protein-ligand interactions between the docked
ligands and structure models were given greater weight than the calculated free energy of binding.
A large-scale screen of compounds using a marketed drug database verified the predictive ability
of the selected structure models. This study highlights the steps necessary to improve screening for
PPARY ligands using multiple structure models, ligand-based pharmacophore data, evaluation of
protein-ligand interactions, and comparison of docking datasets. The unique combination of
methods presented here holds potential for more efficient screening of compounds with unknown
affinity for PPARY that could serve as candidates for therapeutic development.
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Introduction

Peroxisome proliferator-activated receptor-gamma (PPARY) is a ligand-activated
transcription factor within the nuclear hormone receptor superfamily [1]. It is one of three
PPAR subtypes: -a -B/8 and -y [2], and it is involved in transcriptional regulation of
numerous biological processes including glucose and lipid homeostasis [1-4], adipocyte
differentiation [1,5], cell proliferation, and inflammation regulation [3,4,6-8]. PPARYyis
highly expressed in various cells that make up the immune system [9], as well as other cell
types throughout the body [10-13]. Given the regulatory roles of PPARYy, this protein is an
established therapeutic target for type 2 diabetes and holds promise as a novel target for
treating chronic inflammatory and immune-mediated diseases, such as inflammatory bowel
disease.

Compounds that bind to PPARY can be categorized as either agonists or antagonists [14].
Agonists are further classified as full, partial, dual, or pan agonists depending on the degree
of activation and the number of PPAR subtypes activated. This variation in agonism is due
to a relatively large binding cavity within the ligand-binding domain (LBD) that can
accommodate a variety of naturally occurring and synthetic compounds [2,15]. The PPARy
drug discovery and development literature has established that agonists should possess a
small polar region and an extended hydrophobic region that form hydrogen bonds and
hydrophobic interactions, respectively, within the LBD [2,15,16]. Typically, PPARY ligands
have a three-module structure consisting of a reactive polar head group, a linker, and an
effector segment [17,18]. The polar head group tends to interact with residues near helix
H12, while the effector segment interacts with residues near H3 and the opening to the
binding cavity.

Within the agonist category, we see further distinction between compounds that activate
PPARy How the ligand interacts with the residues of the binding cavity determines the
activity type. PPARy-specific full agonists will activate PPARy only, while dual agonists
will activate more than one PPAR (PPARYy and -a or PPARy and —/8), and pan agonists
will activate all three PPAR isoforms. Tolerability and safety issues often arise with the use
of synthetic compounds that fall into the dual and pan agonist categories [19-21]. Another
category of agonists are partial agonists, which are distinguished from full agonists based on
the region in which the binding process influences conformational changes: partial agonists
influence conformational change through H3, while full agonists influence H12 dynamics. A
final, more recently established category, is the selective PPAR modulators, for which one
sees a divergence in efficacy of responses. A selected response may follow the full agonist
efficacy increase, while other responses, which are often associated with side effects under
full agonist regulation, would only occur at low efficacy or require a higher dosage to induce
a response with full agonist efficacy [19]. One can also see tissue-specific differences in
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gene regulatory responses where a compound will drive full agonism in one tissue where
specific co-activators are present, but function as an antagonist in another tissue where that
co-activator is not present [20]. The factor that most influences ligand classification is points
of contact in the binding cavity, which in turn drives conformational variations and binding
partner recruitment [21]. Selective PPARy modulators (SPPARMS) have progressively
become a greater focus in PPARy-targeted drug development because of the potential for a
reduced incidence of side effects when activation can be tailored toward specific gene
regulatory outcomes.

After binding and activation occur, the interactions between the agonist and H12 and/or H3
drive conformational changes that influence activity. Agonist binding induces a
conformational change in the activation function-2 (AF-2) domain that governs co-repressor
release and co-activator recruitment [12,16,22]. The structure of the bound ligand influences
the degree of conformational change and/or the conformational dynamics, and therefore
influences which co-activator proteins are recruited. The active PPARy-agonist-co-activator
complex, which is heterodimerized with retinoic acid-bound retinoid X receptor-alpha, can
associate with PPAR response elements on DNA to induce transcription [2,12,23].
Antagonist binding differs in that binding does not induce co-repressor release. Instead, the
inactive conformation is stabilized by binding of the antagonist [24].

High-throughput screening (HTS) methods to identify PPARy modulators are available
[25,26], though none of the HTS methods has been widely adopted. Moreover, experimental
methods can be costly if one wants to screen a diverse collection of large numbers of
compounds, and the process would require a significant time commitment. Contrasted with
experimental HTS, virtual screening is a computational technique for streamlining the drug
discovery and development process [27]. Using three-dimensional (3D) representations of
test compounds and targets, one can identify potential drug hits based on user-defined
binding criteria relevant to the system of interest. In the context of docking, a binder is a
compound that is deemed to fit well within a 3D structural model given a pre-defined list of
criteria that must be satisfied. Thus, virtual screening involves high-throughput docking to
reduce the number of compounds tested experimentally by excluding compounds for which
interactions with the target are expected to be unfavorable or nonexistent.

Standard large-scale virtual screening studies with PPARYy structures generally result in
disappointing outcomes in terms of predictive value [28-32]. In the context of docking, the
large binding cavity can accommodate different types of ligands, many of which would not
serve as agonists. An approach that can bring additional information to improve success in
virtual screening is pharmacophore modeling. Structure-based pharmacophore modeling
utilizes receptor structures to detect features within the binding cavity that would favor
interactions between the target receptor and the atoms of potential ligands [33,34]. In
contrast, ligand-based pharmacophore modeling can be done in the absence of receptor
structure models and involves aligning a set of known ligands to observe common features
that may be key to biological activity [35].

These two pharmacophore modeling methods independently provide useful structural
information for establishing binder criteria in a search for potential agonists. Pharmacophore

J Comput Aided Mol Des. Author manuscript; available in PMC 2016 May 01.



1duosnue Joyiny 1duosnue Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Lewis et al.

Methods

Page 4

modeling has been applied to virtual screening of ligands for PPARy as well as the other
PPAR subtypes, —a and —/6 [36]. A combination of the two pharmacophore methods may
narrow the search to facilitate compound screening with respect to PPARy [30-32]. Through
application of this concept, pharmacophore modeling can be an important tool in the
discovery and design of novel drugs for PPARY that are more efficacious and safer than
existing drugs [37].

In this study, we set out to establish criteria that could be applied in a virtual screen of a
diverse ligand database using multiple structure models for PPARYy. The goal was to reduce
the amount of docking necessary to find binders while improving the frequency with which
true binders were identified. Using pharmacophores as filters [38], we sought to cluster
ligands by feature similarity, pair ligand clusters to structure models in which the
compounds could be appropriately accommodated during the docking process, and develop
a scoring system where pharmacophores and potential interactions are considered when
proposing binders for validation. A test of the methods with a dataset of compounds with
unknown PPARYy binding ability indicated that identification of compounds that should bind
to PPARY is possible given a diverse compound database, our combined knowledge-based
approach, and selected criteria for recognizing binders of the full agonism activity type.

Catalog of PPAR+y 3D structures

PPARYy structures from the RCSB protein data bank (PDB) [39,40] were cataloged. As of
December 2014, 122 structures were available, of which most were in complex with a
ligand. In some cases, the same ligand was present in multiple structures. An activity type
was assigned to each structure based on the bound ligand and activity reported in the
published experiments (see references in Tables 1 and 2). The activity classes explored in
this study were full agonist, fatty acid agonist, partial agonist, and antagonist. Although the
fatty acid ligands exhibit full agonism, they were placed in a separate group because they are
the endogenous ligands for PPARYy and are structurally different from synthetic agonists.

Selection of structures for pharmacophore modeling

An evaluation of the 122 structures determined some would not be suitable for analysis in
this study. Crystal structures possess atom location variations that can influence structural
assessment. No single crystal structure is perfect, but a combination of structures can be
used to evaluate protein-ligand interactions under the assumption that multiple structures
will allow for sampling of residue side chain variability in a rigid macromolecule docking
study. Structures without co-crystallized ligands, with large groups of residues missing, with
multiple side chain positions for binding cavity residues, with covalently bound ligands,
with co-crystallized ligands that fit other ligand categories (e.g., pan agonist), with multiple
distinct locations for ligand binding (i.e., opposite ends of the binding cavity), and with
ambiguous co-crystallized ligand binding patterns (i.e., both partial and full activity
reported) were excluded because these characteristics would introduce less reliable or less
appropriate atom coordinate data. A subset of 33 crystal structures (Table 1) remained for
the structure-based pharmacophore analysis and the docking component of the study
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(detailed below). Each selected structure contained a ligand with a clearly defined activity
type. The collection of structures represented four activity types: 11 full agonist-, 5 fatty
acid-, 15 partial agonist-, and 2 antagonist-containing structures.

For the ligand-based pharmacophore modeling step, filters were applied to the original 122
structure list to find known active binders. In this case, ligands with ambiguous binding
activity, activity beyond the four types to be evaluated, and ligands that would prevent clear
delineation between the ligand types were excluded. Duplicate ligands were also removed.
The final ligand counts for each activity type were 22 full agonists, 5 fatty acids, 21 partial
agonists, and 2 antagonists (Table 1).

Identification of structure-based pharmacophores

Generation of structure-based pharmacophores involved application of the AutoLigand
program, which uses a grid-based representation of binding potentials to identify sites of
favorable interactions in a protein binding site [41]. This approach calculates atom-specific
grids within the binding cavity, with the resulting affinity potential grid being called an
envelope [41]. The atom types considered for the envelopes were carbon, oxygen, nitrogen,
hydrogen, and sulfur. Prior to generating the envelopes, UCSF Chimera [42] was used to
overlay the structures and save protein coordinates to the same coordinate frame, using the
1FM6 PDB structure [2] as the reference. The grid box dimensions were set to 46 A by 42 A
by 46 A, with 1.0 A grid point spacing and the box center at (15.178, -22.133, 9.98) for all
structures. The grid box contained 94,987 total grid points. This box covered the entire
binding cavity and the exterior surfaces of the ligand-binding domain. Some structures that
contained the same bound ligand were included because the distance-based protein-ligand
interactions varied among these crystal structures.

Ten 300-point envelopes were generated for each structure. The most energetically
favorable contiguous envelope for each structure was used for comparison among structures
within the same activity class. USCF Chimera [42] was used to visualize the representative
envelopes, in which tallies of identical points from multiple envelopes were used as
modifiers for grid point representation. Two visualization techniques were applied: (1)
tallies were radius multipliers for sphere size [41], and (2) frequencies of atom-independent
grid points were used as a gradient for sphere color for all envelopes in a class. Binding
cavity arms were designated as arms | through I11 using standard naming conventions for
visualization and evaluation of the binding cavity (Figure 1) [43,44]. Arm | is the main arm
of the binding cavity extending from the cavity opening to H12. Arm Il is positioned near
the cavity opening, while arm 11 is at the rear of the binding cavity near H12.

Structures were then grouped based on envelope similarity according to the distribution of
percent similarity values. Percent similarity was calculated for each pair of envelopes as a
percentage of common grid points. This value was the number of common grid points
divided by the total number of points (300 grid points). Activity class was not considered for
grouping, which translated to groups of structures in which potentially more than one
activity class could be evaluated.
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Identification of ligand-based pharmacophores

The ligand-based pharmacophores were determined using PharmaGist [37,79], which is a
freely available web server for ligand feature assessment. The key features recognized by
PharmaGist include aromatic, hydrogen bond acceptor, hydrogen bond donor, positively
charged, negatively charged, and hydrophobic groups. Feature weights were set to 0.3 for
hydrophobic groups, 1.0 for aromatics, 3.0 for hydrogen bond groups (acceptors and
donors), and 1.5 for charged groups (positive and negative). Hydrogen bonding is necessary
for full agonism in PPARY and therefore weighted the heaviest. Files containing coordinates
for groups of ligands based on activity class were uploaded to PharmaGist. As only two
antagonists were identified, a full and a partial agonist with similar molecular composition
were included to meet the server minimum of three ligands. Only the pairwise results for the
two antagonist compounds were evaluated to determine potential pharmacophores. Models,
ranked by the PharmaGist feature group score, were generated for each activity class (full
agonist, fatty acid agonist, partial agonist, and antagonist) based on the highest scoring
feature group and the group representing the most ligands. The high scoring group for each
was composed of only a few compounds that possessed the combination of features that
yielded the highest score. The feature group representing the most ligands reflects the
minimum number of ligand features required for a compound to fall within the specified
ligand class.

Three-dimensional pharmacophore models were generated from the lists of PharmaGist
features with the Molecular Operating Environment (MOE) software suite [80]. The pivot
molecule was used as the representative ligand for each activity class. These models
facilitated quick screening of ligand databases for ligands that matched the pharmacophores.
Databases of PDB-derived PPARYy ligands and PPARYy known active and decoy compounds
obtained from the Directory of Useful Decoys (DUD) [30] were compared to the models for
validation (Online Resource 2). A test of the pharmacophore models against the known
PPARYy actives indicated that the fatty acid and full agonist pharmacophores did not match a
large enough proportion of the training set. Specifically, the fatty acid and full agonist
models missed some fatty acids and all the thiazolidinedione (TZD) compounds,
respectively. Using the PharmaGist features for full and fatty acid agonists, additional
pharmacophore models were made. The full agonist pharmacophore model was based on
rosiglitazone (BRL; PDB ID 1FM6), and the fatty acid model was based on 9-
hydroxyoctadeca-10,12-dienoic acid (9HO; PDB ID 2VSR). These models recovered the
missing ligands. As some compounds did match the initial full agonist and fatty acid agonist
models, they were maintained in the ligand pharmacophore model set. The final number of
ligand-based pharmacophore models used was eight.

Computational Docking

The training portion of virtual screening was conducted with a total of 3308 ligands: 96
known active compounds and binding partners from PDB structures, 85 known actives from
the DUD, and 3127 decoys from the DUD, which are structurally similar to actives but do
not activate PPARy. The compiled ligand database included duplicates of known agonists,
which provided checks for reproducibility and consistency in pose sampling for known
agonists. Docking was performed against the 33 superimposed PPARYy structure models with
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identical grid boxes set to 30 A by 40 A by 40 A, the center at (18.656, -21.929, 7.715), and
grid spacing of 1.0 A, which yielded 52,111 grid points and a total grid volume of 48,000
A3.AutoDock Vina [81] (Vina) was used for docking against the PDB structure models.
Vina is a next-generation update to the AutoDock 4 platform for computational docking. A
knowledge-based scoring function is used instead of the force field-based scoring algorithm
implemented in AutoDock 4. The knowledge-based scoring agrees with the interaction
searching method used for separating the ligand types, which indicated Vina was the better
software package to use for this study. As in a previous study, re-docking and cross-docking
were performed to establish predictability of the structure models [82].

Perl [83] scripts written in-house were used for post-processing the docking results. This
analysis included retrieving lowest energy poses and the associated energy scores,
measuring distances between interacting atoms, and formatting output for ease of reading
and assessment. Only the most energetically favorable pose of up to nine poses for each
ligand was used for analysis. Root-mean-squared deviation (RMSD) calculations and
prediction of interactions were conducted as previously described [82]. The terms
“successful pose” and “success” were applied to docked poses with an RMSD value less
than or equal to 2.0 A [84], or for poses with hydrogen-bond interactions observed between
the ligand and all four critical residues (Ser289, His323, His449, and Tyr473) of the receptor
model.

Screening statistics indicated the probability of success and failure at accurately identifying
active compounds while excluding decoys. The primary values considered were specificity,
which is the proportion of negatives/non-binders recognized as such, and sensitivity, which
is the probability that a randomly selected ligand is a true positive/binder. ldeal specificity
values should be greater than 0.95, or 95 percent. Sensitivity, which is also called the true
positive rate (TPR), improves as the value approaches 1.00, or 100 percent. Specificity was
used to calculate the false positive rate (FPR), which should approach zero. Specificity and
sensitivity are calculated by counting the number of true positives, false positives, true
negatives, and true positives.

Distinctions between true positives (TP; binders identified as binders) and false negatives
(FN; binders inaccurately categorized as non-binders) were determined based on the RMSD
values for docking the PDB ligands, and the presence of key interactions with docked poses
for the DUD active compounds. TPs would possess RMSD values less than or equal to 2.0
A for PDB docked poses, and interactions with the four key residues for the DUD actives.
FNs would possess RMSD values over 2.0 A for the PDB ligands, and no hydrogen-bonding
interactions for the DUD actives. False positives (FP; non-binders inaccurately categorized
as binders) and true negatives (TN; non-binders identified as non-binders) were assessed by
evaluating key interactions for docked poses for the DUD decoy compounds. FPs would
erroneously possess interactions with the four key residues, while TNs would not possess
interactions with all four key residues. TPRs and FPRs were used to assess the receiver
operating characteristic (ROC) space for the structures (Online Resource 2). The ROC
method is a statistic that indicates the ability of a test to separate data into two populations
[85]. Evaluation of the ROC space allowed for creating a shortened list of structures for
which binders were more accurately identified while correctly excluding non-binders.
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Validation of the docking protocol

Results

Compounds (a total of 2319) from the MicroSource U.S. Drugs (MSUSDrugs) dataset of the
ZINC online chemical catalog [86] were used as unknown compounds for a validation test
of the structure models selected for docking. These compounds are all commercially
available drugs, which potentially included known agonists like rosiglitazone. No pre-
screening was performed, however, in order to maintain a level of blind testing. The
MSUSDrugs compounds were docked into the four selected PPARY structure models from
the structure-based pharmacophore analysis described above to test the validity of the
selected structures as representative models for screening. The docking procedure used for
the training step (described above) was also used for the validation step.

Additional filters were applied to the MSUSDrugs docking results in order to rank and
discover potential binders. Poses that possessed interactions with the four hydrogen-bonding
residues were ranked according to free energy of binding as calculated by Vina. The ligand-
based pharmacophore models were applied to the compounds as well to hypothesize
potential activity types for each ligand. Compounds also were evaluated for toxicity and
existing therapeutic patents that target PPARY. Patents were identified using key word
searching on the internet. Toxicity was assessed using MOE [80] and the ToxAlerts server
[87]. MOE references two publications in which potentially toxic and reactive molecular
groups were reported [88,89]. ToxAlerts included these two publications and 23 others
dating from 1976 to 2013.

Scheme 1 illustrates how all the components of the methods come together to make up the
virtual screening method composed for this study.

Shared features were identified for each ligand type

In identifying ligand-based pharmacophores, the PharmaGist online server reported several
lists of features shared by compounds within each activity class. The highest overall scoring
feature set and the set representative of the most ligands were assessed (Table 2 and Figure
2). The highest scores ranged from 27.2 to 48.5 for the full agonist, fatty acid agonist, and
partial agonist ligand groups. The number of features ranged from 7 to 10. Two groups of
partial agonists were assessed with Pharmagist because the initial group contained three
compounds that were molecularly similar and biased the pharmacophore results toward
those three compounds. The second group of features for partial agonists was noticeably
different from the initial feature set, and it shared features seen with the full agonists. A
greater number of hydrogen bond acceptor groups and a reduction in the number of aromatic
groups for this highest scoring feature set resulted in a slightly higher score compared to the
first feature set generated using all 21 partial agonists. The feature groups for the fatty acids
included the carboxylate moiety, which was also seen with the first partial agonist highest
scoring feature group. Seven of the ten features identified for fatty acids were hydrophobic
features that characterized the aliphatic chains, which distinguished this activity class from
the others.
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The feature clusters that represent the most ligands for each category possessed three
features each for the full and partial agonists, and ten features for the fatty acids. It was
anticipated that similarities in the most common features would exist because all the ligands
bind to PPARY. The three features for the full agonists and second partial agonist set were
two hydrogen bond acceptor groups and an aromatic moiety (Figure 2). Interestingly, the
placement of these groups relative to the binding cavity was different for each of these two
activity classes. The full agonist features were closer to H12, while the partial agonist
features were closer to H3. The initial partial agonist feature set possessed two aromatic
groups and one hydrogen bond acceptor group, which may suggest greater feature diversity
within the partial agonist set compared to the full agonists.

The antagonist feature sets were relatively similar, with each containing one aromatic
moiety, one hydrogen bond acceptor, and one hydrogen bond donor. The difference between
the two was an additional aromatic group when the ligand denoted NSI (PDB ID 2HFP) was
the pivot molecule versus an additional hydrogen bond acceptor group when GW9 (PDB ID
3E00) was the pivot molecule. Overall, the pairwise antagonist features suggested the two
compounds were similar to each other but distinct from the other ligands. However, given
the variation between the two feature sets and the limited number of available structures, the
feature sets for both NSI and GW9 were used to generate antagonist pharmacophore models.
For the other activity classes, the feature set representing the most ligands was used to make
pharmacophore models for classifying ligands in the compound database used for virtual
screening.

Binding cavity differences validated the need for docking with multiple structure models

The envelopes generated using AutoLigand are comparable to structure-based
pharmacophores. Some similarities were observed in the envelopes across all activity classes
(Figure 3). Points representing carbon atoms occupied a large portion of the cavities (Figure
3A). The full agonist and fatty acid containing structures both showed higher densities for
sulfur and oxygen atoms at the region of the binding cavity closest to H12 and near the
entrance to the binding cavity. This characteristic was not seen in the composite envelope
for the partial agonist-containing structures. The clustering of hydrogen bond acceptors near
H12 is indicative of the binding interactions seen with full agonists and fatty acids that are
not seen with partial agonists. The full agonist- and fatty acid-containing structures showed
a more defined shape to the pocket, whereas the consensus envelopes for the partial agonist-
containing structures contained points spread over more of the pocket. This difference
agrees with the greater variability in interaction points seen with the partial agonist-
containing structures compared to those containing full and fatty acid agonists. For the
antagonist group, points were clustered near H12, which was seen in the envelopes for the
full- and fatty acid-containing structures, but these envelopes are less complete than the
others due to the small number of antagonist-containing structures.

Counts of common grid points independent of atom type were also calculated and visualized
in a heat-map-like representation for each activity class (Figure 3B). Such a representation
indicated patterns in grid points favored for each activity type, which would reflect where
ligand atoms should sit most favorably within the cavity for a given activity. The fatty acid-,
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full agonist- and antagonist-containing structures all showed favorable ligand atom positions
near H12. The fatty acid- and full agonist-bound structures additionally showed favorable
points along arm I, with the fatty acid structures showing greater favorability near the
entrance to the binding cavity compared to the full agonist structures. The partial agonist-
bound structures suggested atoms around H3 were preferred. The antagonist class also
showed points under and beyond His449 that are not as prevalent in the envelopes for the
other structures. The side chain for His449 sits at a different angle in the antagonist crystal
structures when compared to structures of the other activity types, which may account for
the difference in atom placement favorability for that area of the structures.

The percent similarity between each pair of envelopes was calculated to divide the structure
models into groups with similar grid-based docking pockets. Structure models with similar
docking pockets should accommodate particular groups of ligands in a similar fashion. A
distribution of these values showed a major peak around 0.4 or 40 percent similarity
between pairs of envelopes with a second less predominant peak at 0.6 (60 percent) (Figure
4). The envelope groupings were not distinct with 0.4 cutoff because of the high degree of
overall binding cavity similarity between the crystal structures. The 0.6 cutoff resulted in
groupings that were more distinct and six structure model groups were established (Table 3).

Full agonist-bound structures were present in Group 1 and Group 2, fatty acid-containing
structures were in Group 1 and Group 3, and partial agonist-bound structures were in Group
2, Group 3, Group 4, and Group 5. Group 6 was composed of the remaining crystal
structures that returned low similarity to structures in groups 1 through 5 and low similarity
to each other. All the activity types are represented in this group. Group 6 possessed the
largest number of structures and suggested there is a degree of specificity within the cavity
of these crystal structures that precludes use of them in a docking study with a diverse ligand
database. Each of the first five groups was paired with ligand pharmacophore models (Table
3) based on the types of ligands that should be best accommodated by the structure model.
Ideally, a single structure within each group could be established as the representative model
because the binding cavities within the group possess a higher than average degree of
similarity. Docking provided a test of this assumption as will be described below.

Docking of crystal structure-derived ligands into the PPARYy structure models

Re-docking and cross-docking were conducted to determine which of the PPARy crystal
structures would be most suitable for virtual screening. With 2.0 A as the threshold for
acceptable RMSD values, re-docking results were favorable for 10 out of the 33 analyzed
structures, including representatives of full and partial agonist-containing structures (Table
4). During cross-docking, all the structures, including those for which re-docking was not
successful, showed successful docking of more than one non-native ligand. A table
containing all the RMSD values for the re- and cross-docking poses can be found in Online
Resource 1. The re-and cross-docking data provided an initial evaluation of how well the
structure models could be used to accurately identify binders. We next hypothesized that
incorporating the pharmacophore screening would improve the predictive ability of structure
models based on the activity type represented by the pharmacophore model. This concept
required additional statistical measures of docking potential.
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Positive predictive rates for multiple PPARy structure models

The information pertaining to successful or unsuccessful pose prediction was used to
calculate the frequency at which binders were accurately recognized by the structure models.
The initial calculation was conducted with just the ligands from PDB structures so RMSD
values could be used to assess true positive identification. The overall per-model TPRs were
low (2.08 to 18.75 percent success rates) for the 33 structure models (Table 5, original
TPRs). The low rates may derive from the number and variety of ligands screened and the
use of rigid receptor model structures for docking. Some structures served better for docking
one type of ligand over the other types. For example, docking of full and dual agonists to
2PRG (PPARy-rosiglitazone) was successful, and only one partial agonist docked well.
Antagonists in general did not dock well, though two structures, 1IFM6 and 3DZY, returned
favorable docking of the two antagonist ligands tested.

In an attempt to improve predictability as assessed through true positive rates,
pharmacophore filtering was applied to the docked poses using the rosiglitazone ligand-
based pharmacophore model. The results of this filtering were used to calculate adjusted
TPRs. A subset of 22 out of the 33 structures showed some increase in TPR (Table 5,
adjusted TPRs). Filtering reduced the total number of compounds for calculating the rate,
which suggested that pre-screening of test compounds with our pharmacophore models
should maintain the true binders while reducing the amount of screening that needs to be
carried out. For cases where the rate decreased, successful binders were lost from the list
suggesting the rosiglitazone pharmacophore model missed ligands that docked well into
those structures. Ligands that did not match the rosiglitazone model were presumably not
TZD-like full agonists. Therefore, the structures with reduced success rates would not be
ideal for screening of TZD-like full agonists. Taken together, these results supported the use
of multiple ligand-based pharmacophore models and structure models representative of
different activity types in a diverse, large-scale virtual screen for potential full agonists.

It was possible that the structures for which the TZD ligand model did not work were ideal
for screening other types of full agonists, or the structures were not appropriate for screening
of full agonists at all. Eleven structures had reduced success rates of which nine were partial
agonist-containing structures and two were full agonist-containing structures. Of the
compounds that docked well into these structures, most were partial agonists or compounds
that matched multiple pharmacophore models. Therefore, it was determined that the
structures that cannot accommodate TZDs were not appropriate for full agonist-specific
screening.

Structures for which the TPR increased upon application of the rosiglitazone-based
pharmacophore model would indicate either a structure most appropriate for TZD-like full
agonist docking or an improvement in rate due solely to the reduction in the total number of
active compounds considered for the TPR calculation. Structures with a high increase in
TPR (>75%) showed a low number of successfully docked compounds (Table 5, percent
change) and therefore would not be ideal models despite the significant rate increase. The
structures with a moderate increase (~50%) in rate contained ligands that fell into two
categories: active identified as such that matched the pharmacophore models deemed to fit
the structure model binding cavity, or actives identified as such but did not match the
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assigned pharmacophore models. This suggests that the structure model is ideal for
screening compounds matching the selected pharmacophore while possessing enough
promiscuity in the binding cavity landscape to screen for other compounds that potentially
possess similar activity but may not completely match the selected pharmacophore. Given
these data, a structure model showing moderate increase in success rate with the inclusion of
pharmacophore filtering might prove better suited for diverse ligand screening. The next
steps were to evaluate filtering using the proposed ligand pharmacophore models and assess
the rate at which false positive predictions occurred.

structure models for validation docking

It was clear that the individual positive predictive rates were low for each structure model,
but it was hypothesized that selection of multiple structure models for docking and
considering multiple sets of docking results would improve predictability. Completeness of
structure, the relative docking success of each structure, and any improvements in TPR
based on pharmacophore screening were considered for identification of the representative
structure models for the other structure groups. Structures considered to be the most
successful were those within the group that had the highest TPRs. The most complete
models were those containing all the protein residues of the binding cavity necessary for
accurate sampling of binding poses.

Structure 1ZGY from Group 1 performed well in the TPR assessment analysis. This
structure possessed all atoms for all residues surrounding the binding cavity and was
therefore selected as the representative structure for this group. The IK74 and 1RDT
structures, both of which were in Group 2, were determined to be the most likely to predict
binders based on the ROC space graph (Online Resource 2). Because the TPR for 1K74 was
higher than the TPR for 1RDT, the former was better suited for full agonist and fatty acid
agonist prediction.

The DUD dataset proved most effective for assessment of full agonist and fatty acid agonist
binding, which were not the predominant activity type represented in Groups 3, 4, and 5. For
these three groups, the most complete structures were identified and used for docking under
the assumption that screening for full agonist binders with these structures might be less
successful and therefore serve as comparative datasets rather than true identifiers of full
agonist hits. Both structures in Group 5 were missing residues within the binding cavity and
were excluded. The four PDB models selected for the virtual screening validation step were
17GY, 1K74, 214J, and 214Z. The combined TPR calculated from the RMSD data of these
four structure models was calculated to be approximately 0.4, which was higher than the
individual TPRs shown in Table 5 for any single structure.

predictions improved with pharmacophore and interaction filtering methods

As a means of validating the screening methods, screening was performed with 2,319
established drug compounds from the MSUSDrugs database. These compounds were
docked into the four representative structure models and the proposed filters were applied to
identify full agonist binders. Some compounds docked successfully to more than one of the
structure models suggesting some agreement in the docking results. For instance, folic acid
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showed up as a hit in the 1ZGY, 1K74, and 214Z lists. Overall, the composition and order of
hits was slightly different for all the lists. Most of the hits matched at least one of the
pharmacophore models proposed to fit the binding cavity. The only exceptions were
compounds that docked into 214Z. Five of the ten hits in the 214Z list did not match either
partial agonist model. Compounds identified as hits for 214J and 214Z were not present in
the 1ZGY and 1K74 lists. The 214J and 214Z structure models favored partial agonist
binding, but full agonist criteria were used for identifying binders in this study for
consistency. Therefore, compounds deemed as binders to these two structures may be either
partial agonists or false positives. Compounds unique to the 1ZGY and 1K74 lists, like
methotrexate, would most likely be true full agonists.

Data from the 1ZGY docking is shown here (Table 7) with additional docking data listed in
Online Resource 3. Only the data for the lowest energy pose for each docked compound is
shown in Table 7. Two stereoisomers for rosiglitazone appeared in the ninth and tenth
position of the top-ten list for 1ZGY with similar free energy of binding values so only one
of those results is listed. Folic acid was deemed the best binder. Rosiglitazone, which is a
TZD known to target PPARy, held a position at the bottom of the ranked list. Pioglitazone
hydrochloride, which was sixth on the list, is also a TZD that has been used to target PPARYy
in the treatment of disease. One-half of the members of the rank list matched the
rosiglitazone-based pharmacophore model, with more compounds matching the fatty acid-
based models. The patent search indicated that seven of the nine compounds identified have
been considered for binding to PPARY. These results suggest that the proposed progress
flow and filters applied in this study were successfully capable of accurately predicting true
PPARY binders.

Discussion

The progress flow proposed for this study worked well for identifying PPARY binders of the
full agonist activity type. Our analysis suggested pre-screening with ligand-based
pharmacophore models and matching test compounds with structures for which the binding
cavity can accommodate key features is a useful method to screen large, diverse compound
databases for PPARY binders. Furthermore, pharmacophore pre-screening helped with
classification of the type of agonism that a binder might possess. As a result, the predicted
interactions necessary for binding were weighed more heavily than the free energy of
binding score, as the interactions with key residues are less influenced by the number of
atoms that constitute a compound. The free energy of binding remains as a means of ranking
the results, but did not necessarily correlate to the rank of affinity for the compounds. For
example, rosiglitazone, pioglitazone, and benzofibrate possess EC50 values of 0.009 uM,
0.28 UM, and 60 pM, respectively [47,90-92]. Affinity would translate to rosiglitazone >
pioglitazone > benzofibrate, but this order is reversed when ranked by calculated free energy
of binding. Beyond the criteria outlined in the results, other factors to consider when
identifying binders include how well the features for the test compound align to the
pharmacophore models and if compounds match more than one ligand model.

In a 2004 review of docking and scoring methods, Kitchen mentioned considerations for
improving the hit identification process [93]. In the context of energy scoring, Kitchen
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suggested that scoring should derive from knowledge-based structural comparisons in which
binding interactions are considered [93]. Rather than developing an energy score where
specific interactions are considered as terms or a numerical interaction-derived docking
score, we took the approach of a binary indication of absence or presence of interactions to
complement existing energy scoring methods. Kitchen also discussed pre-screening of
ligand databases with 3D filters [93]. Shape-dependent filters can be limiting as he states,
but our implementation of multiple pharmacophore models appears to address that limitation
when considering diverse ligand databases. The filtering allows one to assess compounds
that share features with established active compounds, but also indicates which compounds
do not resemble known actives. Such compounds would not be the primary focus of a
docking study given they typically would be classified as non-binders. A subsequent
analysis, however, of the non-matching compounds for which key interactions were seen
might indicate novel pharmacophores or hits for further study. Alternatively, the non-
matching compounds may share features within that set that should be excluded when
screening compounds with unknown activity.

All of the compounds that appeared in the top-ranked list for 1ZGY either directly interact
with PPARy or function as a therapeutic in conjunction with other drugs for treating a
metabolic or inflammatory disease through activation of PPARYy. Rosiglitazone and
pioglitazone are well known PPARY agonists and established therapeutics for type 2
diabetes. The presence of these compounds in the list is encouraging and immediately
strengthens the reliability of our virtual screening process. Additionally, flufenamic acid is a
non-steroidal anti-inflammatory drug that activates PPARy [94]. The other four compounds
that appeared in patents were listed as compounds used in conjunction with PPARy agonists.
It was not clear in the patents if the compounds directly or indirectly activate PPARY, but
the addition of the compounds appeared to facilitate the activity of other agonists included in
the patent documentation. Furthermore, the disease types listed in the patents included
cancers, metabolic disorders, and inflammation-related diseases that have been linked to
PPARy-mediated regulatory processes. Only two of the compounds did not immediately
return patent information for PPARy-related disease therapeutics: balsalazide disodium and
ceftriaxone sodium trihydrate. Balsalazide disodium is a compound that has been suggested
to treat active ulcerative colitis, which is a disease in which PPARy and PPARS play a role
[95]. Clinical trials have shown that rosiglitazone has been effective at reducing the severity
of ulcerative colitis [96]. The literature suggests balsalazide disodium directly binds to and
activates PPARy and thereby ameliorates the disease [97]. The only unclear hit was
ceftriaxone sodium trihydrate. No patents or published papers appeared to list the compound
and PPARy. This compound could be a promising hit, but the presence of toxic molecular
groups could prove problematic for experiments beyond the in vitro stage. Nevertheless, this
compound and derivatives of it would warrant experimental consideration.

Further, the trends seen in the rated unknown docking data indicates that compounds
matching more structure-preferred pharmacophores may be better binders. This follows the
ranking trend seen with the free energy of binding. Pharmacophore matching could also
inform predictions on downstream effects. Higgins and DePaoli suggest efficacy and
potency trends create a distinction between simple agonists and selective modulators [19].
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Simple agonists exhibit a consistent trend for multiple responses where an increase in
potency translates to an increase in efficacy for multiple biological responses [19]. Selective
modulators, however, show uncoupled dose responses for either potency or efficacy, which
results in perturbation of a single response, or subset of responses, rather than all of the
biological responses controlled by the targeted regulated gene [19]. It is possible that
compounds that match multiple pharmacophores might bind to multiple regulators and affect
more genes, whereas compounds that match fewer pharmacophores would be more selective
and trigger uncoupled regulatory responses.

The promiscuity of PPARy makes identifying all possible pharmacophores challenging but
it has proven possible given what is known about binders. For instance, many groups have
proposed both ligand-based and structure-based pharmacophore models from available
structure data [44,62,90,98-101]. Models from other studies were more complex or more
general, were specific to a certain activity type, or required a large number of known actives
to elucidate models compared to those proposed here. The models presented by Markt et al.
and Tanrikulu et al. were complex, with ten or more features used to identify binders
[44,90]. The Guasch et al. and Petersen et al. models were specific to partial agonists, while
the goal of the Paliwal et al. study was searching for antagonists [98-100]. A study by Sohn
et al. yielded an agonist pharmacophore profile with three hydrogen bond acceptors and one
hydrophobic group [101]. This study possessed an outcome similar to ours, and like ours,
was limited in that only agonists, presumably of the full agonist activity class, could be
profiled for binder identification. While these models are excellent for identifying binders
that fit a specific binding mode, the use of individualized models can limit diverse ligand
screening and binder prediction. Our inclusion of multiple models pushes the work of these
groups to a larger realm of compound evaluation.

An examination of the ligands used to generate the pharmacophore models relative to the
cumulative envelopes for each activity type indicated sampling of various key binding
cavity regions (Figure 5). A bulky or aromatic group and proximal hydrogen bond acceptor
group appeared to be necessary near H12 for full agonists. This matched what is seen with
the TZD compound family. The full agonists also filled in more of arm I1l compared to fatty
acids. With the fatty acids there are fewer bulky features influencing binding within arm | of
the binding cavity. Additionally, the length of these compounds can fill the cavity while
driving the acid group to the region where hydrogen bonding must occur for full agonism.
The flexible nature of the aliphatic tail combined with the region of negative atom types near
the entrance matched what is seen with activation induced by binding of two fatty acid
chains and substituted fatty acids [14]. Partial agonists possess diverse feature group
arrangement, and they appear to fill in the area of the binding cavity near the entrance along
H3. This molecular localization agrees with published crystal structure data suggesting that
H3 is involved in partial agonism and is independent of H12 [52]. The crystal structures
available for antagonists bind in such a way that the area of the pocket underneath the
hydrogen-bonding site was open. The antagonists appeared to bind in the same area of the
binding cavity as the head group of full agonists, but differences in cavity shape and atom
type prevalence may provide insight into how these two binder classes diverge.
Unfortunately, the amount of structural information regarding binding of antagonists is not
sufficient to draw firmer conclusions.
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What we can determine by comparing binder location relative to the envelopes is the
specific regions in the cavity where interactions occur. This information has the potential to
clarify larger dynamic influences seen for specific ligand types, and would require molecular
dynamics simulations. Without these simulations on large collections of structures, it is
difficult to conclude how binding of each ligand type would influence conformational
rearrangement for co-regulator recruitment. Recent advances in course-grained molecular
dynamics might make a study of that scale and magnitude feasible.

A limitation exists when using interactions as a filter for activity type: lack of information
about protein-ligand interactions that are truly indicative of a particular activity for all the
activity types. Full agonist interaction information, which is the most established, only
allows one to screen for compounds that are potential full agonists. Within this activity type,
there are variations that can further limit which agonists are recognized without an extensive
evaluation of differences in binding within the class. The same would be true for each of the
other activity classes. This idea, though limiting, is also a positive factor when the issue of
trying to predict activity type is considered. Only full agonists can be identified with full
agonist key interaction information, which makes distinction from other activity types
easier. Therefore, the true limitation is how much information is known about the
interactions that dictate a specific activity type. What is not clear is which residues are
required for partial agonists to bind and are unique to the partial agonism activity type. The
same can be said for antagonists. For all the additional agonism types (dual agonist, pan
agonist, partial agonist, and antagonist), more analyses would be needed to sift through the
long list of known protein-ligand interactions taken from crystal structure data to establish
specific residue lists for key interactions with each activity class.

Another valuable next step would be exploration of potential recruitment events that occure
after the ligand binding event. This can be recruitment of binding partners like retinoid X
receptor-a, or co-activators and co-repressors. It has been suggested that a single compound
can induce different activation patterns depending on the tissue environment in which
PPARY is expressed in the presence of that ligand [19-21]. Ligand binding and the resulting
interactions are the trigger for the recruitment event. The interactions that arise drive the
conformational changes that influence H12 rearrangement and charge clamp formation to
prep the surface of the protein for recruitment. Such a computational study would take the
much needed exploration of the recruitment process from “proof of concept” [21] to an
integrated part of the virtual screening process. Examination of mutation studies and
structures, plus an in-depth mining of the literature to catalog biological outcomes of ligand-
induced activation patterns would be the first step. Implementation of molecular dynamics
techniques would provide theories as to why some ligands are capable of inducing co-
activator recruitment, while others prevent release of or recruit co-repressors, and even more
are capable of both depending on the tissue environment. The charge clamp on the surface
of the protein that facilitates this process would be the focus of such a study and require
simulation data for numerous ligand-bound PPARY structures. Using conclusions from this
sort of data in the lead selection process would help with the tailoring of selective
modulators for therapeutic development.
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There is a need to add to the binder identification criteria for screening partial agonists. This
could be accomplished with a technique called steered molecular dynamics, in which
interactions necessary to hold a ligand within the binding cavity are assessed based on the
force required to liberate the ligand from the binding cavity. Examining more partial
agonist-containing crystal structures might prove useful as well. Additional structures are
available and more envelopes could be generated to see if other structures exist that might
prove helpful for finding partial agonists. As a large number of these structures are missing
areas that are potentially significant for the dynamics of the protein, rebuilding of the
missing regions and sampling for favorable starting conformations would be necessary prior
to any dynamic testing or additional envelope screening.

Conclusions

The prediction of PPARY binders is a prominent area of research in recent years given
therapeutic possibilities for numerous chronic diseases including type 2 diabetes,
inflammatory bowel disease, and colorectal cancer. Often in the disease state, endogenous
PPARY ligands are present in low, ineffective physiological concentrations and are lower
affinity binders compared to synthetic, high-affinity counterparts like rosiglitazone
[102,103]. Additionally, use of the predominant synthetic compounds, thiazolidinediones,
have been associated with severe adverse side effects that can cause additional negative
medical outcomes and/or reduce quality of life [96,104-108]. Therefore, there is a need to
find alternative therapeutic options that will improve health outcomes. Identifying binders as
a first step toward therapeutic development encompasses the use of various traditional
bench-top methods like high-throughput screening, isothermal titration calorimetry, and
surface plasmon resonance, and computational methods like molecular docking and
pharmacophore modeling. A combined and iterative approach of applied and theoretical
methods is ideal for timely screening and discovery of compounds for therapeutic
development. Further advancement of virtual screening scoring and ranking is necessary to
improve predictive ability and potentially expedite the lead identification process with a
smaller margin of error. In order to address this issue appropriately, structural information
that translates to activity has to be considered and incorporated into the scoring process. We
have shown that adding pharmacophore and interaction filtering to the binder criteria
improved PPARYy binder identification while reducing unnecessary screening of compounds
that would not fit the models or are unlikely to bind. Additionally, screening using multiple
structure models that can accommaodate different molecular shapes and comparing docking
results for those structures improved the positive predictive rate. Overall, this study shows
how accessible and efficient the virtual screening process can be for anyone interested in
identifying small molecule leads for therapeutic development, while providing a novel
collection of protocols for accomplishing that goal.
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Cavity
opening

Fig. 1.
Rainbow-colored ribbon representation of PPARy showing structural features of the binding

cavity. The arms of the binding cavity, helix H12, and three hydrogen-bonding residues
(His323, His449, and Tyr473) are labeled. USCF Chimera was used to create this image and
Microsoft Office PowerPoint was used to label the image
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Fig. 2.

Composite of PharmaGist feature groups overlaid onto representative ligands from each
ligand type. The protein data bank (PDB) ID in which each ligand was found is listed in the
corresponding cell. Cells without a PDB ID are the same ligand as the one listed in the top
cell for a given column. Sphere colors for the feature group are as indicated in the legend.

Each ligand is shown in stick representation with atom-specific coloring: carbon (tan),

oxygen (red), nitrogen (blue), hydrogen (white), and sulfur (yellow). The ligand for 3PBA
contained bromine, which is shown in dark red. UCSF Chimera was used to generate the 3D
images of the ligands, and Microsoft Office PowerPoint was used to combine the figure

components.
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Fig. 3.

Cgmpiled envelopes for each activity class shown as (a) an atom-specific visual histogram
and (b) grid point-specific heat map-like representation. The four hydrogen-bonding
residues and the arm designation for the binding cavity are shown for each panel on the top
two envelopes. The intersection of arms I and I1 is the entrance to the cavity, while the
intersection of arms | and 111 is the far end of the cavity near helix 12. (a) Each atom type is
shown with atom-specific coloring indicated by the legend. Sphere size increases with
frequency at which the indicated atom type appeared within the most energetically favorable
envelopes for all structures within the activity class. (b) The spheres represent the grid points
of all the crystal structures tested. Sphere size increases with frequency at which the grid
point appeared (atom type neglected) within the most energetically favorable envelopes for
all structures within the activity category. Sphere color also indicates frequency of point
appearance as the color progresses from blue to red, which is indicated by the color scale
under the figure. UCSF Chimera was used to generate the envelope images, and Microsoft
PowerPoint was used to label the images.
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Fig. 4.

D?stribution of percent similarity values for the 33 consensus envelopes generated using
protein data bank (PDB) crystal structures. Percent similarity reflects the proportion of
common points between each pair of envelopes (N = 1089 pairs). Microsoft Excel was used
to generate the graph
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Fig. 5.
The ligands used for generating pharmacophore models in MOE relative to the ligand-

specific envelopes. The full agonist envelope with (a) the 3ADW ligand MY or (b) the
1FM6 ligand BRL. The fatty acid envelope with (c) the 2VVO0 ligand HXA or (d) the 2VSR
ligands QHO. The partial agonist envelope with (e) the 3PBA ligand ZGX or (f) the 2Q6R
ligand SF2. The antagonist envelope with (g) the 2HFP ligand NSI or (h) the 3E00 ligand
GW?9. 2D drawings of the ligands are shown to the right of the envelope for each panel with
colored circles showing placement of the pharmacophore feature groups used for generating
the models. Circle colors for the feature groups are cyan (aromatic), green (hydrogen bond
acceptor), yellow (hydrogen bond donor), and gray (hydrophobic). All envelopes are shown
as gray, transparent spheres relative to the crystal structure-derived pose for each ligand.
Ligands in the 3D image are in stick representation with atom-specific coloring: carbon =
magenta, oxygen = red, nitrogen = blue, sulfur = yellow, bromine = dark red, chlorine =
green, hydrogen = white. The hydrogen-bonding residues are shown as sticks as well. Atom
specific coloring was the same except the carbon atoms are gray. UCSF Chimera was used
to generate the envelope images, MarvinSketch was used to make the two-dimensional
ligand images, and Microsoft PowerPoint was used to compile and label the figure.
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Process flow diagram for combined pharmacophore screening and docking methods to
identify binders. The diagram includes nodes for assessing the test set to establish
pharmacophores and nodes for incorporation of unknown compound data. Green boxes were
used for processes, blue polygons represent data, yellow diamonds signify decision nodes,
and red ovals indicate terminal nodes. Microsoft PowerPoint was used to create the flow

chart.
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Table 3
Groupings for structure models based on envelope similarity. Protein Data Bank (PDB)
and ligand identifiers match those used in Table 1
Group# | PDB ID Pharmacophore model ligand ID
1 1FM6, 1ZGY, 2PRG, 2VSR, 2VV2 BRLL MY1L 9HOS3 HXAS
2 1FM9, 1K74, 1RDT, 214Z, 2POB BRLL MYIL, SF22, ZXG2
3 2143, 2VSR, 2VST, 2VV0, 2VV1, 2VV2 SF22, ZXG2, 9HO3, HXA3
4 214Z, 2P4Y, 2Q5P SF22, ZXG2
5 2Q5S, 2Q6R SF22, ZXG2
1WMO, 2FVJ, 2G0G, 2GOH, 2HFP, 214P, 20M9, 2Q6S, 3B3K, 3CDP, 3CS8, 3DZU,
6 3DZY, 3E00, 4PRG

Activity type indicated by the following:

lfuII agonist,

2 . .
partial agonist,

3fatty acid

J Comput Aided Mol Des. Author manuscript; available in PMC 2016 May 01.




Page 34

Lewis et al.

(¥ 0'Z > ASINY) sHnsal Burjoop-a1 [nJssaans pamoys Jeu) SaImanus sejedlpul

T
8¢ ddHz
e 003¢ 08¢ 1SAC 950 | tfAdC 80T | THO9C
80¢ | Azae eTYy S907 GLT | 7OYdy 260 | 19092
16°C 8S0€ 802 907 or'T | thzae SzT | TADZT
e daoeg ITT | 19dde ve'e USAZ G6'0 | TOWNMT
see Yeae 6v'C 6INOT o'z elor4 167 | Laut
76'C INNT v0'€ zviz 107 | 1dsOzT 1672 VAT
e TANT €8'C drie €eT | 180de 9T'e BINAT
02'C 0ANZ 90°¢ N4t 952 Abde STE 9NST
aswy | araad | asiwd | argad | aswd | argad | aswyd | araad

Buyoop 10y ayeridosdde aiam reyr sdnoab Ajrejiwis adojaAus ay) WOL 8S0Y) 81aM Sa1naNls aAleIuasalday Al (g9ad) Mueg ereq uisioid Aq paist|
ale s1 nsay ‘sjapow a1manils [e1sAIo Buipuodsallod ojul spuebi| aalreu Jo Buioop-ai 1o} swonsbuy ul sanfea (QSINYG) uoneinsp patenbs-ueaw 100y

Author Manuscript

v alqel

Author Manuscript

Author Manuscript

Author Manuscript

J Comput Aided Mol Des. Author manuscript; available in PMC 2016 May 01.



Page 35

Lewis et al.

9¢'v0T 8¢'TC [444" Odd¢

A4 Qv LTy Oddy LT'9€ 8¢'T¢ €9'qT 90d¢
1¢0L 90T §¢'9 003¢€ 0€'81- 9y 1¢'s Avde
6T°€S 8€'9 LTy Azdg (44 158 8€'6 Zvie
00°00T- 000 LTy nzdae cL'8e- 8¢9 [444" <1414
¢8'0L- €T'e 6¢°L 8S0¢€ cL'8e- 8¢9 [444)" [§414
€T'e €T'e 80'C dadse LT'9€ 9y €Tt ddHe
6T°€S 8€'9 LTy Mege 9¢'v0T 7907 1S H09¢
€T'e 9y LTy [ZAVAY4 99’18 [4\WA 8€'6 909¢
A4 1598 €€'8 TANC 4 158 €e'8 [VA=14
Wit LLCT SN 0ANC 0€'81- 9y 1¢'s 6INOC
6T°€S 8€'9 LTy 1SAC [A WA 8¢'T¢e vS€T ADZT
ST'6T 68'7T 0S¢t USAC 1561~ €T'e [444" OANMT
00°00T- 000 LTy S90¢ 8Y'ET 8¢'T¢e G/'8T 1aydt
¥6'8%- €T'e LTy 90T S1°0C 8¢'TC LT VINT
16'TE- €T'¢ €Te Ss0¢ LT'9€ [4\A 057¢T 6IN4T
6T°€S 8¢9 LTy dsOe 06'SY ¥9'0T 6¢'L 9NAT
abueya Jusdsad | ddL paisnlpy | ddl leuilBlio | @l gad | sbueysjusossd | ¥dl pawsnlpy | ddL rewbuo | Al aad

anfeA [euiblio ayy Aq papIAIp sdd L paisnipe

pue JeulBLIO 8yl Usamlaq a9UaJIaLLIp 8yl Se pare|nofed sem abueyo Jusdiad ay] “[apow aloydooew.reyd paseq-auoze)n|Bisos syl payosrew eyl spuebl

40 185gNs 8y Buisn pare|ndfed aiam syd L paisnipe ayy pue ‘spuebl] gad sy YHm pare|nojed a1am syd1 [eulblio 8yl "y 0°Z JO JJoINd ASINY 8y} palysies
ey asoy) alam sasod |nyssaaang ‘sebejuaalad se passaldxa aseyd Buiuren ayy ul aimanis (gad) yueg eleq uialold yoea 1oy (s¥dl) sated aanisod ana

G 9olqel

Author Manuscript Author Manuscript Author Manuscript Author Manuscript

J Comput Aided Mol Des. Author manuscript; available in PMC 2016 May 01.



Page 36

Lewis et al.

v'8- - - + - | (zT0z Pandxa) £562005SN sak auozey|Bisol | 82€89600

G'g8- + - - - sak sak | arespAyLiy winipos auoxelyad | Sy8E.6SE

g8 + - - - TV 252€0€ed3 sak p1oe dlweuany | 598000

L8 - - + - suated JuaselIp 0T apuojyo0IpAy suozenjbord | 9z£89600

68 + + - - sak sak wniposip apizefesieq | 1882ZS6€0

6 + + - - 7V £206802d3 sak ajeiqyezag | 6T6956€0

9'6- + + + - 2d 5.029€8SN wniposip paxanswad | 8660vSTO

9'6- + + + - TV 096656Td3 apexanoyW | £2662ST0

8'6- + + + - 7V 056509Td3 p1oB 21104 | 68295V8T

(1owyreox) Buipuig jo ABssuz 8814 | YXH | OH6 | 149 | IAN wered | M8V xoL | JOIN XoL aweN punodwod | Al ONIZ

1URISUOD UONIgIYUl PaleIndfed ayl pue ‘a409s Bulpuiq Jo ABIsua aal) pare|najed

8y} ‘punoy Sem auo 1 padsualajal sem punodwiod ayl yaiym ul Jaquinu juared ayl sisl| a1qer ayp Jo Japurewal ayl (WXH 10 ‘OH6 ‘149 ‘IAIN) pais| [apow
aJoydooeweyd paseq-puebi| ayl ‘Ajaandadsal ‘yazew 10u pIp 1o paydrew punodwod ayl JI 81edalpul ,,—,, pUe .+, SI1810BJBYD YL "J9AISS SLI9|\YXO0 1 8yl pue
welboud Juswuosiaug BunelsdQ Jenasjoln ayl Buisn 21x0] Se palyIsse|d sem punodwiod syl JI 81edlpul suwnjod omi Buimojjo) ay "aweu punodwod pue
al ONI1Z Aq paist] ae spunodwo) “sanpisal Bulipuog-uabolpAy Jnoy |8 yim suonaelsiul passassod spunodwod || (Buipuiq jo ABiaus aaiy aAnebau 1sow
“B3) |NJSS3IINS 1SOW pawdap alam sasod paxa0p Yalym 1oy ASZT 0l spunodwod sbnia S M 894n0S0.21A 3y Jo Buixoop ay) wody synsal payuel-do |

L9lqel

Author Manuscript Author Manuscript Author Manuscript Author Manuscript

J Comput Aided Mol Des. Author manuscript; available in PMC 2016 May 01.



