ABSTRACT

Allosteric modulators are compounds that bind to a protein
at a non-active site, causing a conformational change that
affects its activity. PK11000, an allosteric modulator of interest
from the literature, binds to the p53 protein with a Y220C
mutation. A crucial tumor suppressor, mutations in p53 are
present in approximately 50% of cancers. For p53 with the
Y220C mutation, the compound PK11000 was able to
allosterically restore its normal function. However, PK11000 is
toxic to humans, and since it binds to p53 in an unintended
site, the process is poorly understood.

Understanding the Y220C mutation is a key case study for
developing a pipeline for creating allosteric drugs to restore
p53 native activity. In this study, we investigate the allosteric
properties of p53 using molecular dynamics (MD) simulations,
which provide information for machine learning (ML)
approaches for the development of allosteric drugs.

INTRO & BACKGROUND

We employed an adversarial neural network based on the
actor-critic framework, leveraging reinforcement learning
(Figure 1) to optimize the design of potential drug candidates.
Our model was critically evaluated by comparing the predicted
binding affinities of molecules generated through in silico
synthesis to known allosteric effectors with established
dissociation constants (Kd) for the Y220C p53 mutant.
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Figure 1: Reinforcement Learning Network.
A. Reinforcement learning (RL) network example.
B. Drug design strategy.
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RESULTS

Figure 2: AutoDock Vina Visualization. A. This is a p53 bound to DNA with the binding pocket search area
highlighted in red. B. Zoomed-in version of a docked drug (Effector 4).
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Figure 3: Binding Affinity of Effectors. Binding affinities (Kd)
were sourced from BindingDB, based on published assays
using the p53 Y220C mutant, curated by the University of

Figure 4: Effectors. These effectors were shown to have the
highest docking scores (besides PK11000) out of all the
molecules tested. We omitted PK11000 as it binds

, £ offect; covalently.
Southampton. Sorted in order of effectiveness.
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Figure 5: Tuned Rewards of RL Model. The reward functions used in training the RL model were optimized to reward drug-like
molecules similar to the effectors, and each function was weighted correctly.
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Figure 5: Generated Drug-Like Molecules. After tuning,
molecules generated by the model were consistently drug-
like to a much higher degree compared to prior to tuning.

CONCLUSIONS

We successfully created a reinforcement learning
algorithm to generate drug-like small molecules.

We developed a molecule scoring dashboard, in which
we can visualize rewards for known effective molecules
compared to controls.

FUTURE DIRECTIONS

Increasing the specificity of molecules generated to target
p53 binding pockets would be a significant advancement
towards the end goal of generating molecules that can
restore mutant p53 to wild type activity. The docking reward
will continue to be undergoing development to improve the
specificity of p53.

Adding position-specific docking and providing that
information back to the model could be very valuable.
Continuing to tweak the reward functions would help
improve the RL model.

Parallelizing the code would expedite the generation process.
Integrating our model into a p53 allosteric drug design
pipeline is our long-term goal.
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