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Introduction

e Background: Kinases are specialized proteins called enzymes that perform a
specific catalytic function: phosphorylation. Kinases add a phosphate group
to a substrate (a macromolecule, commonly another protein) at a specific
location referred to as a phosphosite. This reaction changes the shape and
activity of the target, acting as an ‘on/off’ switch crucial in requlating many
processes such as cell division and signaling as well as gene expression.

e Problem: Abnormal phosphorylation-related events via kinase dysfunction
are associated with several diseases and are essential to understand for drug
discovery efforts.

e Current Research: A prominent area of research at the intersection of
biology and deep learning is link prediction: why, how, and if certain kinases
interact with certain phosphorylation sites on substrate proteins. If a kinase
develops a mutation, how does that change these protein-protein
interactions?
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Figure 1: Depiction of phosphorylation 3

The Project:

e \With the popularity of large language models (LLMs) and the scale and
complexity of biological data growing, many researchers have made
advancements in natural language processing (NLP), leading to the rapid
development of protein language models.®> These protein language models
(PLMs) take advantage of transformer-based architecture and represent
protein sequences as strings, positing that all information about a
particular protein can be gained from its sequence of amino acids.?

e In this project, the goal is to extract meaningful features from kinase
sequences using PLMs to train @ model to predict if a kinase can
phosphorylate a particular phosphosite on a substrate.

Data Description

Dataset

The primary dataset for this project is PhosphoAtlas’, an extensively
curated database containing over 14,000 verified protein-phosphosite
interactions. A phosphosite is a short sequence of typically 11-15 amino acids
and contains a central anchor residue that is tyrosine (Y), serine (S), or
threonine (T). This database is used as the training, validation, and test set
for the downstream modeling.

Figure 2: Map of tumor kinome from PhosphoAtlas!
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Embedding Model Architecture

e Below is a diagram of the architecture of one of the large protein language
models covered in this study, the protT5 model published by the Rost lab®.
The main downstream use of these models is the embeddings they
generate from protein sequence inputs.

e Here, embeddings are simply vectors, a numerical representation of a
protein sequence that a computer model can learn from.

e For each protein, residue-level representations were extracted from the final
hidden layer of a pLM and mean pooled across all positions to yield a single
1024D embedding vector.

o This per-protein representation encodes learned patterns of residue
co-evolution, sequence context, and even structural/folding propensity.
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Figure 38: ProtT5 Architecture*
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Ranking Task

e To understand how feature embedding vectors could impact existing
model performance, each kinase vector was added to the feature
matrix of a graph neural network (GNN) autoencoder model.

e The goal of this model was to use features such as betweenness,
centrality, and contrast difference experimentally calculated through
the HTKAM assay® to rank druggable hubs of kinase activity.

e The GNN scores each kinase-phosphosite edge based on these
features and activity flow through the network (visualized in Figure 2)
to determine influential hubs of activity and the kinases involved.

e Below is a graph of all the kinases scored by both methods and
colored by whether they gained/lost influence with the addition of
feature vectors.
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Figure 4: Raw GNN scores tracked over two different feature matrices: with and without
embeddings

MIL Modeling for Link Prediction

A New Task to leverage the PhosphoAtlas database

Objective: To use a ground-truth database to create a model that can
identify kinase-phosphosite interactions.
e Data Structure:
3. Each kinase can bind to

I. A single phosphosite on a single substrate

ii. Multiple phosphosites on a single substrate

iii. A single phosphosite on multiple substrates

iv. Multiple phosphosites on multiple substrates

b. In order to account for this, 3 multiple instance learning (MIL)
model was employed

c. A substrate protein typically contains multiple phosphorylatable
residues — serine, threonine, or tyrosine sites — each of which
may or may not be targeted by a given kinase. Rather than
treating each site as an independent prediction target, we group
all experimentally observed phosphosites belonging to a given
substrate into a bag of instances.

d. Data partition at the substrate level: all edges are assigned to
train, validation, or test. The set of sites available for a substrate
is fixed within each split. This is done to ensure there is no leakage
between training, validation, and test sets.

Negative Sample Generation

Objective: Our database contains ground truth interactions. To train a model
properly, we need to introduce negative samples into our training data. Adapted
from the Phosphormer paper’, a two-tiered negative sampling strategy was
employed. One set of negatives was deemed “hard” for the model to discern: a
positive kinase-phosphosite edge would have the kinase intentionally swapped
out. The other set of negatives was “easy”: random permutations to the kinase
or the substrate and then a quick validation check to make sure a positive pair
wasn’t accidentally created.
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Figure 5: Phosphformer’s negative sampling strategy

MIL Model Training

Overview: This is a high level overview of the MIL model training loop and
how it incorporates kinase embeddings as features in its training loop.
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Figure 7: Results from MIL Model

Results: The MIL model can identify correct % kinase-phosphosite pairs:
=> ESM-2: 79.5%
=> ProtT5: 81.4%
-> Random: 56%

e We expect the randomized 1024D embeddings to perform near 50%
(random) as a baseline for model performance. Both ESM-2 and ProtT5
perform at least 23% better at the classification task. Keep in mind that
no other features were fed into the model, it only used the information
extracted from the embedding vectors.

Discussion

Evaluating the potential of protein embeddings in drug
discovery research

e Feature Extraction: Based on these results, we have confidence in saying
the features extracted from the embedding vectors obtained from the PLMs
provide models significant information during training and can be tuned for
different tasks

e Potential for Improvement: We could add additional features obtained
from lab experiments or other resources to make these models perform
even better

e Expansion in Scope: These PLMs were trained on hundreds of millions of
protein sequences and can provide information on protein function. Some
posit that we can go even further and obtain structural information on each
protein as well.

e Therapeutics: Using wild-type protein embeddings to train models to
identify correct kinase-substrate interactions can be a boon in drug
discovery efforts. By introducing mutations into protein
sequences/embeddings, training models to discern how function/structure
changes and how signaling pathways are affected is very valuable.

Next Steps for Improvement

e Negative Sampling Refinement: Our negative sample generation could be
more granular. Using external databases containing similar information and
using correlations of kinases/substrate could provide models with better
information.

e Test More Models: Test other PLMs at different sizes to gain a stronger idea
of how well PLMs can perform on these tasks.

W_k dropout p = 0.3
1024 - 256-d

W_s
1024 - 256-d

W_s
1024 - 256-d

broadcast

Subbag index

Per-split site lookup.

shared weights

|

|

score:x
(kes) :v
+ r-w

|

score:
(kes) +v
+ rew

Acknowledgements

This work was pitched and supported at UCSF, Department of Radiation

Global index fallback
for cross-split hard r = S/T/Y one-hot
negative edges. \

top-k mean pool (k = 3)

average k highest site scores

edge logit y
6(y) = P(K phosphorylates S)

T

I
Vv

focal loss (y = 2)

Notation:
k, s — projected embeddings (256-d) v — learned scoring vector

© — element-wise product r — residue one-hot (S/T/Y)
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