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Abstract

Bioisostere replacement is a powerful and popular tool
used to optimize the potency and selectivity of
candidate molecules in drug discovery. Selecting the
right bioisosteres to invest resources In for synthesis
and subsequent biochemical optimization is key to an
efficient drug discovery project. Here, we demonstrate
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Methods

Prioritize molecules

Bioisostere Replacement based on FEP #3

Spark™ 1 Cresset’s bioisosteric replacement software
was used to generate R-group replacements. Spark
uses 3D electrostatic and shape properties? to explore
R-groups on a given scaffold. Results are prioritized
pased on 3D similarity scores.
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Workflow 1: Overview of the active learning workflow showing the different stages from hit to lead identification.

Results

PF-cmp1263 was aligned to the co-crystallized Evaluation of the 3D QSAR_ Models 3D-QSAR Model Q° Kendall’s tau
Zopolrestat and used as starter molecule. Both consensus and GP regression models showed Consensus #1 0.89 0.79
. good predictive capabilities as demonstrated by the Q2

* Poor activity: pIC50 of 5.21 (IC50 of 6100 nM) and Kendall's tau on the cross-validation training sets. GP #1 0.82 0.74
* Phenyl benzoxazole moiety was selected for (A) (B) Consensus #2 0.79 0.7
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.. Figure 3: Scatter plot highlighting the high predictive power

identifying tight-binding bioisosteric replacements. The of the final 3D-OSAR model (Consensus £2). The molecules
top 20 molecules from Consensus #2 are very strong used to train it are in blue, while the top 20 molecules

binders by FEP (AG<-12.6 kcal/mol), with the top 3 predicted by the model and taken forward to FEP #3 are
being the best (AG<-15.7 kcal/mol). highlighted in orange (with the top 3 encircled).

Figure 1: (A) 3D representation of human ALR2 (PDB: 2FZ8)
with crystallographic bound Zopolrestat (surface only view) and
the starter PF-cmp126 (sticks) embedded in it. The bound
cofactor NADP is shown. (B) 2D representation of the starter
PF-cmpl126 with the region selected for R-group replacement
highlighted. 3D molecular electrostatic potential and field points
of the molecule are shown in the bottom left and bottom right,
respectively (colour code: Red for positive, blue for negative,
yellow for shape and orange for hydrophobic).

Retrospective evaluation of the AL workflow

Spark was very successful at identifying bioisosteric
replacements that retained a degree of bioactivity, but

Around 45% of the known actives (pIC50 > 6) in the
Spark data set had been chosen for free energy
calculations (an enrichment factor of 2.8).

. . the similarity-based scoring method Is not accurate - N
Relative Free-Energy Calculations enough to correctly rank the suggested replacements. . - ®
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INn contrast to using none (orange) in picking actives from the Spark
results. (B) Histogram plot of the number of all actives (pIC50 > 6)
among the top-ranked molecules retrieved from Spark and after the

Figure 4: Scatter plot of Spark rank vs. activity (pIC50) of
known hALR2 inhibitors among top 500 Spark results. The

3D-QSAR

Consensus and Gaussian Process (GP) Regression
models were built based on FEP-derived binding free
energy estimates in combination with Cresset 3D shape

overlaid frequency histogram represents the binned Spark
rank (bin size 50) with the count of known molecules in each
bin annotated at the top of each column.

last stage of our workflow (FEP #3).

J

and electrostatic descriptors?. Consensus model
predictions are an average of the predictions of GP,
MLP, RF and SVM models. Models were assessed
using k-fold cross validation with k=5.

Literature protocols on active learning often recommend
the initial dataset size in the order of 100 molecules, but
the use of more information-rich 3D descriptors should
allow this to be reduced.

Summary and Conclusions

« Our active learning workflow demonstrates the synergistic application of Flare 3D-QSAR and FEP In
picking potential leads from a pool of hundreds of bioisosteres suggested by Spark.

« Atotal of only 80 molecules (16% of the pool of Spark results) were assessed using FEP.

« The final ranking from our AL workflow retrieved 10 known actives in the top 20, including the clinical
candidate Zopolrestat in position 3, while the original Spark ranking retrieved only 4.

All complexes show a perfect pi-stacking interaction
made by the bioisosteric replacements with TRP111
and the short contacts by the carboxylic acid head
group in the catalytic anion binding site, a binding
mode highly selective to aldose reductase and not
aldehyde reductase®.
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Figure 6: Binding site interactions of the top 3 molecules from
our workflow with ALR2 protein in their FEP equilibrated
complexes. (A) and (C) are known ALRZ2 inhibitors PF-cmp125
and Zopolrestat, respectivelys.
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