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ABSTRACT: Natural Language Processing (NLP) has revolutionized the way MSAIDKLVKASHLIDMNDIIREGNPTLR...
computers are used to study and interact with human languages and is :
increasingly influential in the study of protein and ligand binding, which is critical
for drug discovery and development. This review examines how NLP techniques
have been adapted to decode the “language” of proteins and small molecule
ligands to predict protein—ligand interactions (PLIs). We discuss how methods
such as long short-term memory (LSTM) networks, transformers, and attention
mechanisms can leverage different protein and ligand data types to identify
potential interaction patterns. Significant challenges are highlighted including the
scarcity of high-quality negative data, difficulties in interpreting model decisions,
and sampling biases in existing data sets. We argue that focusing on improving data quality, enhancing model robustness, and
fostering both collaboration and competition could catalyze future advances in machine-learning-based predictions of PLIs.
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1. INTRODUCTION Experimentally, methods like X-ray crystallography and cryo-
electron microscopy'” provide atomic-resolution structural
information while biophysical approaches like isothermal
titration calorimetry and surface plasmon resonance can
provide binding thermodynamic and kinetic data for
protein—ligand interactions.'* Although these experimental
methods provide high-quality data benchmarks,'” they are
typically resource- and labor-intensive and thus low-through-
put. Computational approaches that simulate the underlying
physics and chemistry of PLIs, such as molecular docking'® or
dynamics simulations,'” can be less resource intensive but
nevertheless demand significant computational and time
investment.'®

Recent advancements in machine learning (ML) and deep
learning have opened new avenues for effective PLI prediction
by leveraging large-scale data sets. ML-based approaches can
rapidly assess compound—protein pairs by \learning' from
diverse biochemical, topological, and physicochemical proper-
ties'”™>’ at a pace far quicker than that using traditional
methods. ML models have already delivered promising
predictive performance for drug—target interaction and
binding affinity, supporting early stage target identification

The study of protein—ligand interactions (PLIs) lies at the
heart of cellular function and regulation, orchestrating a
complex interplay of molecular processes essential for life.
These interactions govern fundamental biological activities,
including enzyme catalysis,"” cellular signaling,” membrane
transport,4 immune responseS and transcription factor
regulation.6 At the molecular level, PLIs control cellular
homeostasis through metabolic feedback loops,” facilitate
signal transduction cascades across membranes,” mediate
immune system recognition of foreign molecules,” and regulate
gene expression through the control of ligand-dependent
activity of transcription factors.” The remarkable specificity of
these interactions is achieved through a combination of
structural complementarity and physicochemical properties
and enables precise control of cellular functions.
Understanding PLIs has become instrumental in modern
drug discovery development,®” providing a rational framework
for designing drugs with maximal efficacy and minimal side
effects. Structure-based drug design efforts optimize lead
compound development through the strategic modification
of chemical groups to enhance binding affinity and
specificity.'"” Beyond pharmaceutical applications, protein—
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actions have been crucial in the development of enzymes with
enhanced catalytic activity.'”
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Figure 1. Language of protein sequences and the ligand SMILES representation: NLP methods can be applied to text representations to infer local
and global properties of human language, proteins, and molecules alike. Local properties are inferred from subsequences in text: (left) for human
language, this includes a part of speech or role a word serves; (middle) for protein sequences, this includes motifs, functional sites, and domains;
and (right) for SMILES strings, this can include functional groups and special characters used in SMILES syntax to indicate chemical attributes.
Similarly, global properties can theoretically be inferred from a text in its entirety.

and lead optimization.””*> As the excitement for ML use in the
biological sciences grows, the prediction of protein—ligand
interactions appears increasingly possible given recent
advances in both ML and Natural Language Processing
(NLP),***” the computational study of language.*®

NLP centers on the computational analysis and manipu-
lation of language constructs’® to bridge the gap between
human communication and computer automation. NLP has
experienced significant recent breakthroughs as demonstrated
by the proliferation of widely used chatbots such as OpenAT’s
ChatGPT,””*° Anthropic’s Claude,” and Microsoft’s Bing
Copilot.”> NLP has been further used to summarize texts,
deduce author sentiment, solve symbolic math problems, and
even generate programming code.”” *° The effectiveness of
NLP is predicated on languages having a structured symbolic
syntax and set of rules to assemble basic units known as
“tokens” (e.g., characters, words, or punctuation) to form
higher-order constructs such as sentences or paragraphs.”” The
structured outputs of such a system reflect the grammar,
conventions, and styles of the associated language. In NLP,
tokens are transformed to encode “meanings” through
mathematical vectors such that tokens of similar meaning are
positioned closer together in the representational vector
space.’® By analyzing a large collection of data, NLP methods
aim to infer emergent relationships between tokens that define
the “rules” of a language. Once learned, this inferred set of
rules can be used to perform predictive tasks such as separating
tokens into categories, translating text from one language to
another, and even predicting whether a literary work will be a
commercial success.” '

NLP can provide a complementary perspective to a simply
biochemical view of biomolecules by treating protein and
compound sequences as “languages” composed of amino acid
and chemical tokens. Through the use NLP-inspired models,
researchers can capture subtle sequence patterns, secondary
structural motifs, and functional domains that correlate with
ligand-binding specificity and affinity.”**” Integrating NLP
approaches with ML for PLI prediction has shown early
promise, as models pretrained on large protein or compound
databases learn contextual embeddings that can enhance
pattern recognition for predictions of ligand binding affinity
and specificity. By analyzing common surrounding tokens of
given amino acids or atoms, biological roles may be inferred,
such as whether an amino acid plays an important role in
secondary structure.*”** Early comparisons with traditional
methods have shown encouraging performance improvements,
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highlighting the potential of NLP-based models to refine both
the accuracy and interoperability of predictions and ultimately,
help expedite drug discovery. For practical uses, NLP methods
have been used for a variety of predictive tasks, including to
inferr disease-gene associations,** predict tumor gene
expression patterns,45 and assign functional annotations to
various protein-coding genes.21 Despite impressive advances,
the creation of these NLP models is associated with a sizable
computational burden**™' and it remains a challenge to
understand what and which specific features of the input
sequence data are responsible for predictive success.

In this review, we explain how NLP offers new ways to
understand and predict PLIs. We first describe the relationship
between common protein and ligand text representations vis-a-
vis the characteristics of human language. Next, we present a
paradigm of data collection for PLI studies and employ a table
of data sources organized loosely by tasks for which they may
be best suited. We then introduce and discuss three major
NLP-associated methods often employed in machine-learning-
based PLI studies: the Recurrent Neural Network (including
variants like Long Short-Term Memory (LSTM)), the
Transformer, and Attention Mechanisms. We provide several
tables to convey how published studies have employed these
major architectures to predict PLIs. What is in common
between these major methods is their efficacy in capturing
long-distance relationships between atoms and/or amino acids
that are crucial for binding; we contextualize their use by
presenting a conceptual framework for predicting PLIs that is
followed by many NLP-PLI studies.

We conclude with a discussion of the limitations of using
NLP in studying PLIs and with the data currently available for
training machine learning models. Current approaches have
shown promising results, but there are still significant
challenges related to data variety, model interpretability, and
bias. NLP offers valuable strategies for exploratory analysis and
has taken a place in the foundation of such efforts but is not a
standalone solution; integrating insights from other disciplines,
such as computer vision, and domain-specific knowledge may
be crucial for advancing PLI research in the future. We
emphasize the need for high-quality, well-balanced data sets
and suggest that new strategies, such as high-throughput
simulations, could provide a pathway to overcoming current
data limitations. Moreover, we emphasize the importance of
integrating domain expertise, such as structure-based insights.

https://doi.org/10.1021/acs.jcim.4c01907
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2. THE LANGUAGES OF LIFE

Human languages are ever-evolving,52 often ambiguous,53 and
idiosyncratic, which make them not ideal for computational
study given the importance of context.”* Human languages are
generally hierarchical, composed of layers on the order of
words, phrases, sentences, etc. by which information is
communicated.”® Human languages also demonstrate complex
local behaviors that diverge from a hierarchal perspective,
including long-distance dependencies’® (e.g, subject and
pronoun), as well as common substructure constructs like
idioms (“raining cats and dogs”) or groups of objects that
function as a unit (“knife and fork”).>” Recursion is another
linguistic aspect of human language that goes beyond simple
hierarchy, for example, “I believe that you suppose that...”.** In
general, these meta-linguistic occurrences are consistent with a
view of language in which the linear order of words gives rise
to a construct that embodies information.”” While biochemical
texts are distinct from human languages, there is remarkable
similarity between the two regarding the hierarchal-and-
sequential nature of construction as well as how local and
global information is encoded (Figure 1). Nevertheless, the
hierarchies of construction are not directly analogous as both
protein sequences and molecular texts have significant
structural and ontological distinctions that should be
accounted for during computational processing. A comparison
between human languages and the most common forms of
text-based representations of proteins and molecules is
presented below.

2.1. The “Language” of Proteins. Protein sequences are
akin to human language in that they possess a hierarchical
order of construction and embody embedded information.
Human language text is inherently ordered with characters of
an alphabet assembled linearly and grouped into words,
phrases, and sentences that convey an emergent message.
Protein sequences similarly obey a hierarchy of assembly, with
amino acids (AAs) serving as the alphabet. When AAs are
strung together, secondary structural motifs, domains, and
quaternary (multidomain-interacting) structures may emerge
with properties that contribute to function.*”° While external
factors such as post-translational modifications and cellular
state can play a substantial role in dictating protein three-
dimensional structure and function, the AA sequence
represents the essential blueprint that ontologically defines
the properties of a protein.’’~®® This fact has served as the
foundation for bioinformatic analysis of proteins.”* Individual
AAs and common subsequences contribute to the “informa-
tion” of the overall protein just as words contribute to the
meaning of a text.

However, protein sequences are not entirely analogous in
their hierarchy as compared to human languages, and “words”
are not easily identified or demarcated. In linguistics, a “word”
is a complete unit of meaning that a reader can recognize. It
would be dubious to assume that AAs are equivalent to
“words” because the roles of individual AAs are highly
dependent on their context and environment. The meaning
of a word may be independent of its surroundings; however, an
amino acid carries “meaning” highly dependent on its three-
dimensional context. Protein motifs or domains are also not
comparable to “words”, since not all regions of a protein are
independent of one another® and motifs and domains are not
completely independent units. This lack of word-equivalence
for protein sequences has driven “sub-word” identification
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methods that identify strings that act similarly to words.*®
Protein sequences also differ from human languages in the
length scale of interactions and the number of long-distance
interactions that contribute to a 3D structure. While human
language often features distant dependencies, such as between
subject and pronoun or text that foreshadows later content,
these relations can be easily deduced by a reader and remain
relatively sparse on a per-sentence basis. In contrast, AAs may
have numerous distant relationships that are difficult to
predict®’™® without the assistance of computational or
experimental tools. These characteristics allow a protein
sequence to encode multiple layers of complex information,
including 3D structure, structural dynamics, and/or binding
interactions.””* In essence, a sequence is not just a static
representation, but rather a sophisticated programmatic
embodiment that determines both structure and behavior of
a protein.

2.2. The “Language” of Ligands. The chemical
structures of molecules can be similarly translated into text-
based notations and analyzed computationally.”® However,
unlike the elements of human text and protein sequences, the
chemical connectivity patterns of molecules are not one-
dimensional. Nevertheless, text-based schema has been
developed to represent chemical information in a manner
convenient for computational analysis,”’ with the Simplified
Molecular-Input Line-Entry System (SMILES) format being
one of the most widely used.””

SMILES strings are text representations constructed over a
depth-first traversal of a two-dimensional molecular graph
(Figure 1), with atoms, atomic properties, bonds, and
structural properties represented by characters following an
established set of conversion rules. Given the memory-efficient
and somewhat human-readable format of SMILES, it has
become a standard in chemical databases and computational
tools,””~” and the most commonly used text representation in
PLI studies. Although SMILES lacks an intuitive way to
determine a chemical equivalent of a “word”, there is a well-
defined grammar to denote properties and substructures of a
molecule. Moreover, the same molecule can be represented by
multiple different SMILES strings,72 which is similar to how
there could be multiple sentence constructions to convey the
same idea in human languages. In NLP applications,
incorporating tokens with the same meaning into the training
process can yield a robust predictive model.”® The use of
multiple SMILES per molecule has been leveraged to guide
ML models to discern which parts of a ligand contribute to
drug potency.”’

The SMILES format is dissimilar from human languages in a
similar way as for protein sequences. First, the lengths of
SMILES strings could vary far more than in human languages,
ranging from listing each atom of a small molecule to those
constituting entire proteins. The SMILES format is less
practical to use for larger molecules, however, since structural
graphs can provide a more compact and accurate representa-
tion of atoms in a large three-dimensional structure. A
disadvantage of using SMILES in general is that it is difficult
to intuitively discern “word” equivalents within the string,
Individual branches separated by parentheses could be viewed
as words,”® but this is only practical for small branching
groups. Moreover, the handling of nesting parentheses in
SMILES for large molecules can be problematic and has
become a major limiting factor in ML models designed to
generate novel molecules.”” The sum of these SMILES

https://doi.org/10.1021/acs.jcim.4c01907
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Table 1. Data Sets and Databases for PLI Prediction”

REVIEY

Data set Name Year  Proteins Ligands

Functional Data Available
Protein Data Bank (PDB)®? 2000 220,777 -
BRENDA'® 2002 8,423 38,623
PDBBind””® 2004 — -
DrugBank””! 2006 4,944 16,568
BindingDB'** 2007 2,294 505,009
PubChem”*"* 2009 248,623 119,108,078
Davis™* 2011 442 68
PSCDB'*® 2011 - -
ChEMBL” 2012 15,398 2,399,743
DUD-E'%¢ 2012 102 22,886
Iridium Database®'” 2012 - -
KIBA™ 2014 467 52,498
Natural Ligand Database (NLDB)*'*® 2016 3,248 -
PDID'” 2016 3,746 51
dbHDPLS?'!° 2019 - -
CovPDB!'!! 2022 733 1,501
PSnpBind”''? 2022 731 32,261
Protein Binding Atlas”"'* Portal 2023 1,716 30,360
Protein—Lli%and Binding Database 2023 12 556

(PLDB)”'"3
BioLiP2'"* 2023 426209 -
PLAS-20k”!''8 2024 — -
Functional Data Unavailable
Database of Interacting Proteins''® 2004 28,850 -
Protein Small-Molecule Classification 2009 4,916 8,690

Database”'!”
CavitySpace™''*® 2022 23,391 -

Interactions Protein Category Ligand Category Task
- General (Structure) General (Structure) C
- Enzymes General R, C
23,496 General (Structure) General R C
19,441 Human Proteome General C
1,059,214 General General R, C
250,633 General General R, C
30,056 Kinases (Sequence) Kinase Inhibitors R
(SMILES)
839 Human Proteome General R, C
20,334,684  General (Protein ID) General (SMILES) R, C
2,334,372 General General R C
233 General General R, C
246,088 Kinases (Protein ID) Kinase Inhibitors R
(SMILES)
189,642 Enzymes (Structure) General R, C
1,088,789 Human Proteome General R, C
8,833 General (Structure) General C
2,294 General (Structure) General C
640,074 General General R, C
129,333 Drug Targets Drug Molecules R C
1,831 Carbonic Anhydrases, Heat General R
Shock Proteins
823,510 General (Structure) General R, C
20,000 Enzymes General R, C
81,923 Various Species - C
- General (Structure) General (Structure) C
23,391 General (Structure) General C

“Note: Data sets categorized as “General” provide broad information without focusing on specific categories of proteins or ligands. Data types (e.g.,
sequence, structure), are denoted in parentheses. Categories labeled with “Protein ID” include protein IDs from established databases. Data sets

may receive periodic updates. Suggested tasks are denoted as “R” for regression and “C” for classification.

"_n

indicated that exact information is

either not included in the source or is not readily obtainable. bProtein—ligand complexes are available with the data set.

shortcomings has led to the development of alternative
chemical representations for computational studies such as
DeepSMILES and SELFIES.*”®' Although promising, these
alternative forms have rarely been used in ML-based PLI
studies to date. The question remains whether a three-
dimensional molecule can be truly mapped to a text
representation in a way that preserves all relevant structural
information for use in predicting PLIs.

3. PROTEIN-LIGAND INTERACTION DATA AND
DATA SETS

Protein—ligand binding is a complex process dictated by many
factors including protein states, hydrophobicity/hydrophilicity,
and conformational flexibility.** The question of how to
represent a protein and ligand in a computational space is
critical and multifaceted. A wealth of information has been
collected experimentally and generated through simulation
studies on the properties of proteins and ligands, but these data
are highly variable with regard to type, quality, and quantity.
This section catalogs several primary data representations used
in PLI studies. We also discuss the availability, selection, and
curation of available data for machine-learning-based training
and evaluation.

Protein and ligand representations are typically sequence- or
structure-based. Unlike sequence-based text formats, structure-
based information can appear in multiple forms, e.g., atomic
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coordinates of protein—ligand complexes or contact maps.
Some structural information can be artificially reconstructed
from sequence-based formats through algorithms such as
AlphaFold for proteins®® and RDKit for ligands.** PLI studies
using machine-learning methods will typically select either
sequence-based or structure-based inputs, although there is a
growing use of mixed input data types.***® For example, a
mixed-data study may represent proteins by AA sequences but
ligands by atomic coordinates, a choice based in part on the
fact that highly accurate 3D chemical structures are easier to
obtain than those of proteins and that full-atom representa-
tions of ligands are not memory intensive.

Other data can also be incorporated to augment ground-
truth information about PLIs. For example, molecular weights,
polarity, and bioactive properties can be incorporated into
models to further improve the prediction of PLIs."”** Studies
have included molecular weights, ligand polar surface area, and
protein aromaticity,’” or bioactive properties of chemical and
clinical relevance®™ have resulted in improved predictions of
binding affinity. Leveraging multiple-sequence alignment or
phylogenetic information to identify coevolutionary trends
among AAs and sites of covalent modification has been shown
to dramatically improve the accuracy of structural predictions
of protein—ligand complexes.”” The use of non-sequence/non-
structural data can enable models to yield better predictive

https://doi.org/10.1021/acs.jcim.4c01907
J. Chem. Inf. Model. 2025, 65, 2191-2213
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Figure 2. Summary of the data preparation, model creation, and model evaluation workflow. Model Creation for PLI studies follows an Extract-
Fuse-Predict Framework: input protein and ligand data are extracted and embedded, combined, and passed into a machine learning model to

generate predictions.

performance for characterizing protein and ligand and their
interactions.”’

Data for the study of PLIs can be manually curated by
domain experts or sourced from existing data sets. Widely used
public databases such as ChEMBL,”® PubChem,”® and
DrugBank” play a critical role in the development and
evaluation of drug—protein interaction models. These data-
bases contain a wealth of information on ligands, proteins, and
their interactions, supporting various predictive tasks. For
instance, PubChem contains over 119 million ligands and is a
cornerstone resource for general-purpose regression and
classification models. Similarly, DrugBank focuses on the
human proteome and offers curated data tailored to drug
discovery, while ChEMBL provides comprehensive data on
protein—ligand interactions, including SMILES-based ligand
information.

Many databases are also inherently interconnected. For
example, data sets involving structural information often
reference available structures in the Protein Data Bank.””
Similarly, sequence-based data sets frequently link back to
UniProt™ for protein sequence data. This interconnectedness
emphasizes the importance of selecting a data set with the
intended predictive task in mind. For tasks requiring high-
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quality, targeted data—such as predicting kinase activity—
specialized data sets like Davis’™* or KIBA” are preferable.
These data sets offer focused, curated information that aligns
with specific biological questions. Conversely, general data
sources like ChEMBL or PubChem are more suitable for
deriving models aimed at uncovering generalizable underlying
rules.

Given a protein—ligand representation, several predictive
tasks are possible. Classification studies seek to categorize PLIs
into distinct groups, for example, whether a protein—ligand
pair binds or not. These models are relatively simple and allow
for input from various sources. Regression studies use a
continuous functional metric to characterize PLIs such as a
binding affinity/dissociation constant (K;) or inhibition
constant (IC50). Continuous target variables allow for the
involvement of numerical values derived directly from ’ground-
truth’ experimental data in both training and evaluation.
Databases like PDBBind”® contain functional metrics such as
K, and ICS0 but not all protein and ligand pairings cataloged
have such metrics available, for example, complexes identified
from X-ray crystallography, Cryo-EM, or NMR screening
studies.'””” Since regression studies require quantitative PLI
data and not merely whether a protein and ligand interact,

https://doi.org/10.1021/acs.jcim.4c01907
J. Chem. Inf. Model. 2025, 65, 2191-2213
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Table 2. Sequence-Based PLI Prediction Models”

Extraction
Model Name Protein Extractor Ligand Extractor Fusion Prediction
LSTM
Affinity2Vec'*” ProtVec Seq2Seq Heterogeneous Network Gradient-Boosting Trees (R)
DeepLPI'* ResNet ResNet Concatenation with LSTM FCN (C, R)
FusionDTA'** BiLSTM BiLSTM Concatenation with Linear FCN (R)
Attention
Transformer
Shin et al.'®' CNN Transformer Concatenation FCN (R)
MolTrans'®* Transformer Transformer Interaction Matrix” with CNN  FCN (©)
ELECTRA-DTA'®  CNN with Squeeze-and-Excite CNN with Squeeze-and-Excite Concatenation FCN (R)
Mechanism Mechanism
MGPLI'** Transformer, CNN Transformer, CNN Concatenation FCN (C)
SVSBI'® Transformer, LSTM, and Transformer, LSTM, and k-embedding fusion® FCN, Gradient-Boosting
AutoEncoder AutoEncoder Trees? (R)
Non-Transformer Attention
DeepCDA'*! CNN with LSTM CNN with LSTM Two-Sided Attention” ECN (R)
HyperAttention- CNN CNN Cross-Attention, FCN (C)
DTI"! Concatenation
ICAN"*° Various Various Cross-Attention, 1D CNN (C)
Concatenation
Other NLP Methods
GANsDTA*>* GAN Discriminator GAN Discriminator Concatenation 1D CNN (R)
Multi-PLI** CNN CNN Concatenation FCN (C, R)
ChemBoost'** Various SMILESVec Concatenation Gradient-Boosting Trees (R)

“Note: A model’s task of Classification (C) and/or Regression (R) is denoted beside the “Prediction” column entries in parentheses. Definitions for
specific terms may be found in the Glossary (Table 6). Terms Defined by the Cited Authors: “Interaction Matrix: Output from dot product

operations to measure interactions between protein subsequence and ligand substructure pairs. “k-embedding fusion: The use of machine learning
to find an optimal combination of lower-order embeddings via different integrating operations. “Two-sided Attention: Attention mechanism that
computes scores using the products of both pairs of protein/ligand fragments and protein/ligand feature vectors.

relevant data set sizes may be smaller than those for
classification. However, gathering such data is a laborious
process in terms of both time and laboratory resources.
Additionally, while functional metrics associated with
regression studies can be used to predict exact values, the
same data can support classification tasks, such as predicting
binding versus non-binding rather than a specific binding
affinity value.

Table 1 provides a comprehensive overview of existing PLI
data sets and databases, summarizing their characteristics and
suitability for various predictive tasks. Preassembled data sets
are appealing for their convenience, though aligning the data
set’s scope and quality with one’s modeling goals and the
nature of the scientific inquiry is essential. Such a task-driven
approach ensures robust model performance and meaningful
predictions.

A secondary but still crucial consideration is the splitting of
the data into training, validation, and test sets for use in a
model. The training set constitutes the majority of the data
from which a model’s parameters are learned;the validation set
is used to tune the model’s configuration (controled by
"hyperparameters");”® and the test set is a separate set of data
points used to determine model performance.”® There are
several ways to create data splits aside from the simple option
of randomly dividing the data. For example, a model may be
designed with data splits that ensure different proteins or
ligands are included in the training/validation/test sets such
that proteins and ligands are not shared between them.”
Evaluating a PLI prediction model on thes sets would then
provide data on a model’s performance on unknown proteins
and ligands that are outside of its training set. Competitions
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often provide a specific, well-designed test set data split as a
benchmark, an approach used for other predictive challenges
such as the Critical Assessment of Structural Prediction
(CASP)'” and the Critical Assessment of Prediction of
Interactions (CAPRI).'*"'*

4. MACHINE LEARNING AND NLP FOR PLIS

Machine learning is a field of study where algorithms are used
to uncover hidden patterns from data sets without explicit rule-
based programming. Desired outcomes of specific processes
are referred to as tasks (e.g., classification, regression, etc.), and
depending upon the tasks, a suitable machine learning model is
chosen, which includes decision trees, support vector
machines, neural networks (NNs), and deep learning
architectures.”® NLP tasks often rely on deep learning and
neural network architectures, which can both process the
immense amounts of language-related data available and model
the complex and often conflicting rules of human languages..'"”
Due to the parallels between the representation of language
constructs and those of proteins and ligands, NLP-oriented
machine learning approaches will be the focal point of this
review article.

The general workflow for any ML-based study can be
broadly characterized into three stages: data preparation,
model creation, and model evaluation (Figure 2). For PLI
studies, data preparation typically entails selecting the types
and formats of protein and ligand data (e.g., sequence and/or
structural). ML model creation may involve the following three
tasks, although the boundary between these tasks could be
fuzzy at times: (i) Extract: the “extraction” of vector
“embeddings” from the protein and ligand input data, which

https://doi.org/10.1021/acs.jcim.4c01907
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Table 3. Structure-Based PLI Prediction Models”

Extraction
Model Name Protein Extractor Ligand Extractor Fusion Prediction
Transformer
UniMol'** Transformer-Based Encoder Transformer-Based Concatenation Transformer-Based Decoder
Encoder (R)
Other Attention
Lim et al.'® GNN GNN Attention FCN (C)
Jiang et al.'>? GCN GCN Concatenation FCN (R)
GEFA'S? GCN GCN Concatenation FCN (R)
Knutson et al.'** GAT GAT Concatenation FCN (C, R)
AttentionSite-DTI'*® GCN with Attention GCN with Attention Concatenation, Self-Attention FCN (C, R)
HAC-Net'* GCN with Attention GCN with Attention Combined Graph FCN (R)
Aggregation Representation
BindingSite- . GCN with Attention GCN with Attention Concatenation, Self-Attention  Various (R)
AugmentedDTI"’
PBCNet"** GCN Message-Passing NN Attention FCN (R)

“Note: A model’s task of Classification (C) and/or Regression (R) is denoted beside the “Prediction” column entries in parentheses. Definitions for

specific terms may be found in the Glossary (Table 6).

Table 4. Mixed Representation PLI Prediction Models”

Extraction
Model Name Input Type Protein Ligand Fusion Prediction

LSTM

Zheng et al?* P: Struct. L: ~ Dynamic CNN” with  BiLSTM with Attention Concatenation FCN (C)
Seq Attention

DeepGLSTM85 P: Seq L: BiLSTM with FCN GCN Concatenation FCN (R)
Struct.

Transformer

Transformer- P: Seq L: Transformer Encoder ~ GCN Transformer Decoder FCN (C)

cpr® Struct.

DeepPurpose””’ P: Seq L: 4 Various Encoders S Various Encoders Concatenation FCN (C, R)
Either

CAT-CPI'® P: Seq L: Transformer Encoder  Transformer Encoder Concatenation CNN and FCN
Image (©)

Non-Transformer Attention

Tsubaki et al>®  P: Seq L: CNN GNN Attention and ECN (C)
Struct. Concatenation

DeepAffinity"®®  P: Seq L: RNN-CNN with RNN-CNN with Attention Concatenation FCN (R)
Struct. Attention

MONN>"’ P: Seq L: CNN GCN Pairwise Interaction Linear Regression
Struct. Matrix,” Attention (G, R)

GraphDTA""” P: Seq L: CNN 4 GNN Variants Concatenation FCN (R)
Struct.

CPGL**® P: Seq L: LSTM GAT with Attention Two-Sided Attention,” Logistic
Struct. Concatenation Regression (C)

CAPLA'® P: Both L: Dilated Convolutional — Dilated Convolutional Block with Cross- Cross-Attention, FCN (R)
Struct. Block Attention to Binding Pocket Concatenation

“Note: A model’s task of Classification (C) and/or Regression (R) is denoted beside the “Prediction” column entries in parentheses. Definitions for
specific terms may be found in the Glossary (Table 6). The input representations for sequence and structure are abbreviated for brevity. Terms
Defined by the Cited Authors: "Dynamic CNN: ResNet-based CNN modified to handle inputs of variable lengths by padding the sides of the input
with zeroes. “Pairwise Interaction Matrix: A [number of atoms]-by-[number of residues] matrix in which each element is a binary value indicating
if the corresponding atom-residue pair has an interaction.””’ “Two-sided Attention: Attention mechanism that uses dot product operations
between protein AA and ligand atom pairs, while taking matrices of learned weights into account.

can be used in computational operations (described in Section
4.2), (ii) Fuse: the fusion of protein and ligand vector
embeddings, and (iii) Predict: the prediction of a PLI target
property as a model’s output. The predictive capability of the
model would be ideally validated against results from other
studies and/or real-world measurements in a model evaluation
stage. While data preparation and extraction steps have
typically been the focus of most research efforts, every
component of the workflow is crucial to successful PLI
prediction.
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4.1. The Extract-Fuse-Predict Framework. A variety of
models for PLI prediction have been constructed in recent
years, and these models tend to fall into four general
categories: (1) sequence-based, where protein sequences and
SMILES are used to represent protein and ligand, respectively;
(2) structure-based, where structural information is included in
the representation of both protein and ligand; (3) mixed
representations, where both structural and sequence informa-
tion are involved; and (4) sequence-structure-plus, which
substantially incorporates other ground-truth information

https://doi.org/10.1021/acs.jcim.4c01907
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Table S. Sequence-Structure-Plus PLI Prediction Models”

Extraction
Model Name Protein Extractor Ligand Extractor Additional Features Used Fusion Prediction
LSTM
HGDTI*” BiLSTM BiLSTM Disease and Side Effect Information Concatenation FCN (C)
ResBiGAAT®”  Bidirectional GRU with ~Bidirectional GRU with ~ Global Protein Features Concatenation FCN (R)
Attention Attention
Transformer
Gaspar et al.'””®  Transformer or LSTM ~ ECFC4 Fingerprints Multiple Sequence Alignment Information Concatenation R;End)om Forest
C
HoTS*"? CNN FCN Binding Region Transformer FCN (C, R)
Block
PLA-MoRe*® Transformer GIN and AutoEncoder  Bioactive Properties Concatenation FCN (R)
AlphaFold 3% Attention-Based Attention-Based Post-Translational Modifications, Multiple Attention Diffusion
Encoder” Encoder Sequence Alignment Information Transformer®
Other NLP Methods
MultiDTT'** CNN with FCN CNN with FCN Disease and Side Effect Information Heterogerﬁeous FCN (C)
Networ

“Note: A model’s task of Classification (C) and/or Regression (R) is denoted beside the “Predlctlon column entries in parentheses. Definitions for
specific terms may be found in the Glossary (Table 6). Terms Defined by the Cited Authors: “Atom Attention Encoder: An attention-based encoder

that uses cross-attention to capture local atom features.

“Diffusion Transformer: A transformer-based model that aims to remove noise from

predicted atomic coordinates until a suitable final structure is output.

Table 6. Glossary of Terms That Appear in the Tables

Term

AutoEncoder
BiLSTM

CNN

Dilated
Convolutional
Block

ECFC4 Fingerprint
FCN

GAN
Discriminator

GAT
GCN
GIN

Gradient-Boosting
Trees

GRU

Heterogeneous
Network

Message-Passing
NN

ProtVec
Random Forest

ResNet

Seq2Seq
SMILESVec

Squeeze-And-
Excite
Mechanism

Definition

A neural network tasked with compressing and reconstructing input data, often used for feature learning.”*>

Bidirectional Long Short-Term Memory, a variant of LSTM where two passes are made over the input sequence, one reading in forward
order, and one in reverse order.

Convolutional Neural Network, a type of neural network that processes grid-like data, such as images, through a gradually-optimized filter that
slides across input data to discern important features.

Convolutional Neural Network operations with defined gaps between kernels, which can capture larger receptive fields with fewer parameters.

A molecular fingerprint that encodes information about the presence of specific substructures within a diameter of 4 bonds from each atom.”*®

Fully-Connected Network, a feedforward Neural Network where each neuron in one layer connects to every layer in the next. FCNs can also
be referred to as Multi-Layer Perceptrons.

An NN part of Generative Adversarial Networks (GAN) that learns important features to distinguish between real and artificial data.

Graph Attention Network, a type of Graph Neural Network that uses attention mechanisms to deciding the value of neighboring nodes to a
given node when updating a node’s information.”**

Graph Convolutional Network, a type of Gragh Neural Network that aggregates neighboring node features through a first-order
approximation on a local ﬁlter of the graph.

Graph Isomorphism Network, a type ¢ of Graph Neural Network that uses a series of functions to ensure embeddings are the same no matter
what order nodes are presented in.*

A machine learning technique where many decision trees are trained in order, such that the next tree learns from the misclassified samples of
the previous tree. All trees are then used to “vote” on results of each input.

Gated Recurrent Unit, a simplified version of Long Short-Term Memory that similarly uses a gating mechanism to retain and forget
information, but is less complex than Long Short-Term Memory. ~

A graph where nodes and edges represent different types of information, often used to convey complex relationships in biological systems
e.g, drug, target, side-effect, etc.g.

Type of Graph Neural Network that computes individual messages to be passed between nodes so that representations for each node contain
information from its neighbors.”*’

A method for representing protein sequences as dense vectors using skip-gram neural networks.**®

A machine learning method where many decision trees are constructed, and the result of the ensemble is the mode of the individual tree
predictions.

Short for Residual Network. A neural network archltecture that speeds up training by learning functions to substitute for layer operations,
allowing for the “skipping” of layers and faster training.”

A machine learning method used for language translation in NLP, featuring an encoder-decoder structure. 266

Previous work from authors. 8-character ligand SMILES fragments are as51gned a vector through a smgle -layer neural network, and an input
SMILES string’s vector is equal to the mean of fragment vectors present in that input SMILES.*”°

Mechanism for Convolutional Neural Networks that uses global information to adapt the model to emphasize more important features.””!

beyond sequence and structural data (such as molecular
weights or polar surface area87). Tables 2, 3, 4, and §
summarize several representative NLP-based PLI prediction
studies across these categories over the past five years.

Although PLI studies could be categorized in other ways—
for example by the ML model used (neural network, decision
tree, etc.) or by the predictive task type (classification vs.
regression)—we have chosen to emphasize a categorization
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Figure 3. Framework diagrams for RNN (and its variant LSTM), transformer, and attention with arrows representing a flow of information. (A)
The "unrolled" structure of an RNN and the recurrent units, where hidden states propagate across time steps. The recurrent unit takes the current
token X as input, combines it with the value of the current hidden state &, and computes their weighted sum before generating the response O, and

an updated hidden state h,,;. Weighted sums depend upon the associated network weights

Wy Wy, or W, which connect input to hidden state,

hidden state to hidden state, and hidden state to output, respectively. LSTM differs in that a memory state is updated during each iteration,
facilitating long-term dependency learning. (B) A simplified framework of a transformer's encoder-decoder architecture, and associated attention
mechanism. A scaled product of the Query and Key vectors yields attention weights that can provide interpretability, with the new embedding

vector (or the output vector) updated based on this specific key.

based on input data type since the computational methods
used for sequence text and structural data comprise a major
difference.

4.2. Extraction of Embeddings. NLP approaches
deconstruct text into individual tokens or “units of meaning”
for use in computational operations and inferences via a
process referred to as “tokenization”.”” Schema for tokeniza-
tion, aside from character-based and word-based, can also be
subword-based. Subword-based tokenization breaks down text
into units smaller than words to create a wider vocabulary; it is
commonly selected when the definition of a “word” is unclear,
as subwords can be used as a means to discover “words”.*>'*°
Common ways to assemble subwords include methods such as
“n-grams”, where each subword has a select fixed-length value
n (e.g, “Sma”, “mar”, “art”, etc. for n = 3 and the word
"Smart"). While subword tokenization has been attempted in
PLI studies for both protein (e.g,, amino acid k-mers such as
“KHR”, “LKL”, “KGY”) and ligand (e.g, “CCCC"“[C@@
H]”),"*'~'*° the current trend is to use amino acids and/or
individual atoms directly as tokens.

To be processed computationally, tokens must be translated
into a numerical form through a process known as
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“embedding”. There are many types of token embedding, but
they are generally designed to capture either a particular token
meaning, frequency, or both'**'*” and represented by a
multidimensional vector. The direction of a token’s vector
embedding effectively represents its “meaning” and its
magnitude represents the strength by which that meaning is
conveyed. In isolation, each token could possess multiple
meanings (e.g,, the word “run” has multiple meanings'**), and
so context may be necessary to impart an intended meaning.
NLP methods have been demonstrated to be highly effective at
extracting patterns that convey context-dependent meanings
from a large corpus of text. Embeddings that capture semantic
meaning and relationships can then be used for many other
tasks aside from predicting whether a protein interacts with a
ligand, such as predicting protein and ligand solubilities."**"*

Token embedding is typically accomplished using a neural
network (NN) architecture that approximates nonlinear
relationships between the “inputs” of the network (the data)
and its “outputs” (the predictions)."*' Neurons in an artificial
NN receive, integrate, and transmit signals to other neurons
through a nonlinear response function and are arranged in
layers. Information is passed from an input layer through one

https://doi.org/10.1021/acs.jcim.4c01907
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or more intermediate “hidden” layers to an output layer.”
Interconnection weights that govern the strength of influence
of one neuron on another are crucial parameters of an NN. A
wide variety of NNs have been applied to studying PLIs
although not all are commonly used in NLP. Nevertheless, two
types of NNs commonly associated with NLP are Recurrent
Neural Networks (RNNs)'**'** and attention-based NN
models."** Below, we highlight the details necessary to
understand how RNNS, attention, and other non-NLP-driven
NN s have been used to glean global patterns essential for PLI
predictive tasks. For reference, Figure 3 presents simplified
framework diagrams of RNN, transformer, and attention
operations.

4.2.1. Recurrent Neural Networks. RNNs'"** are specialized
in processing sequential data in which the order of the data is
significant. Consider an input data sequence x;, X, ..., x,_1, %
X4,1, - in which individual tokens x, are ordered by a time-step
t, and the input sequence embodies a particular yet unknown
pattern over the length of the sequence. In traditional NNs,
information flows from the input layer to the output in a single
pass, making it difficult to decipher any interdependencies
between earlier and subsequent tokens. To remedy this, the
RNN architecture introduces recurrent units through which
the processing of the input sequence at the current time-step
will also update “hidden states” that serve as memory,
nonlinearly capturing the information of all input tokens up
to the current time-step. The recurrent unit derives its name
from the fact that the hidden state participates in the
computation both as an input and as an output for each
input in the sequence.

In other words, given the network weights, the ordered
sequence of input tokens will determine a network output
sequence Oy, O,, .., O;_}, O, Oy, ..., and the hidden states h,
hy «y hi_y, hy hip... Thus, the hidden states are functionally
equivalent to the hidden layers of traditional NNs but differ by
updating recurrently, where information is carried over from
previous time-steps to the current time-step. Consequently, the
dependencies between tokens of the sequential inputs can be
captured implicitly by the hidden state.

RNNS5s can be represented in an unfolded, or “unrolled” state
(see Figure 3 A). In this representation, an input sequence can
be considered as a mapping between preceding input values
and values of subsequent elements in the same sequence, due
to the inherent patterns existing within all elements.'* For
example, given a protein sequence for which each AA is a
token, an RNN would process the sequence of AAs one at a
time to create and maintain a mapping for the next AA in the
sequence accounting for all input tokens seen so far. The
mapping, encoded in the network weights of RNN, may be
found via the backpropagation process, through which the
shared weights are adjusted so that the “errors” between the
computed outputs of the RNN and the expected outputs as
presented in the input sequence are calculated and
minimized."*® The process of using backpropagation to adjust
the network weights so that the desired outputs of an NN are
achieved is the so-called training process in machine learning,
with the resulting collection of weights being called a model.

A good example of an RNN applied to the study of PLIs is
provided by Abdelkader et al.’s ResBiGAAT model,”” which
was designed to use a variant of bidirectional RNN layers to
embed input strings (protein sequences or SMILES).
ResBiGAAT's bidirectional RNN, which processed the input
sequence of tokens both forwards and backwards in different

«
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passes, enables it to identify relations between a given token
and both its previous and subsequent tokens. While effective in
many NLP tasks, early RNNs commonly suffered diminishing
returns with increasing text length. This was due to a simplistic
network architecture in which there was systematic and non-
discriminatory retention of information from all tokens,
including outlier tokens that contribute little informationally
to the underlying pattern. A variant of an RNN was chosen in
ResBiGAAT that features a gating mechanism to specifically
update and forget information from previous time steps;'”” the
RNN used was also modified to include residual connections
that enable information to be transmitted directly between
layers without the need for calculating intermediate layers.
This enabled several RNN layers to be stacked together with a
relatively insignificant increase in convergence time. This use
of RNN, alongside several other changes, allowed ResBiGAAT
to outperform a selection of baselines at the time of publication
in 2023.

To address the diminishing returns of early RNNs, gating
mechanisms were developed to control the flow of information
into the hidden state. The primary exam})le of this is Long
Short-Term Memory (LSTM) networks,"** a popular variant
of RNNs in which three gates are introduced into each
recurrent unit: input gate, forget gate, and output gate (Figure
3A). The signature component of LSTMs is the forget gate,
which selectively inhibits information not concordant with
previously learned patterns found from processing prior
tokens."”® In addition, the input gate controls the level of
input information added to the cell state, and the output gate
governs the amount of information output at each step.
Combined, the gating mechanisms selectively handle memory
functionality, enabling effective encoding of long-term depend-
encies. For example, in the task of predicting protein secondary
structures, LSTM has been shown to attenuate the
contribution of AAs that do not correlate with any defined
secondary structural element, yielding a small but definitively
improved performance over the then state-of-the-art.*>"
Unlike human languages where sentence structures possess
distinct temporal orders, sequence-based representation of
proteins and ligands may exhibit temporal or spatial symmetry,
leading to researchers utilizing bidirectional LSTMs
(BiLSTMs) to capture both preceding and subsequent tokens
in a sequence string by applying an LSTM to text in both
original and reverse order, and concatenating each of the
resulting embeddings end-to-end."*’

LSTMs and BiLSTMs are promising embedding approaches
for predicting binding affinities of proteins and ligands.'**~"**
However, their effectiveness is constrained by the computa-
tional inefficiency of the LSTM/BIiLSTM architectures when
processing large-scale data sets. Most successful applications of
LSTM to date have been applied to only relatively small
training data sets, on the order of a few thousand proteins and
ligand pairs. This limitation mainly arises from the inherently
non-parallel design where the tokens are being processed step-
by-step, which makes training on large data sets slow and
computationally expensive. Thus, NN architectures that
leverage parallelization will be important to ensure reasonable
training and prediction runtimes.

4.2.2. Attention-Based Architectures. Protein lengths can
vary dramatically, from Insulin with S1-AAs to “giant proteins”
that can exceed 85,000 AAs.'" To use large amounts of
sequence data to effectively process and predict PLIs for which
long-distance interactions may be impactful, several alter-
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Using Attention Weights to Correlate Protein and Ligand
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Figure 4. Sample attention weights for relating protein and ligand. The heatmaps on the left help visualize the weighted importance of select
protein residues and ligand atoms in a PLIL Structural views of the protein—ligand binding pocket are shown in the middle, with insets of the 2D
ligand structures on the right. The colored residues and red color highlights indicate AAs in the protein binding pocket and ligand atoms with high
attention scores. Reproduced with permission from Figure 7 of Wu et al."** Used with permission under license CC BY 4.0. Copyright 2023 The

Author(s). Published by Elsevier Ltd.

natives to RNN have been proposed. The “neural attention”—
or simply “attention”—mechanism is an important recent
breakthrough by which “attention weights” are dynamically
calculated to quantify the relative contribution of different
input tokens or elements to a predictive end goal.'”*

In the context of attention,'”* the input sequence of data is
tokenized and represented (or embedded) as key-value pairs. A
specific, previous section of the input (or a key) is said to be
“attended to” when the model gives it a heavier weight in the
process of updating the representation (i.e., the query) with
each new input token. The attention weight is stored in a
matrix, and is determined via a normalizing function and a
similarity comparison between the key and the query, the latter
of which may change dynamically as the representation of the
input stream is updated. The attention mechanism is highly
general, and can be applied to inputs such assequences and
images, with the keys being potentially any embedding that is
relevant to the current task.'**~"* In many NN architectures,
attention can also incorporate hidden states into the
calculation, allowing a more sophisticated mechanism for
capturing longer-range correlations in deeper layers.'**'*°

Attention mechanisms have proven highly compatible with
traditional protein sequence analysis approaches in identifying
long-distance interactions between AAs of a protein.'*” In PLI
studies, attention mechanisms can dynamically adjust the
contribution of specific AAs or ligand atoms to a predictive
outcome by amplifying interaction sites with higher attention
scores and downplaying less relevant ones (Figure 4). This
process mirrors the biological intuition that certain residues
and atoms are more critical for binding in a protein—ligand
complex than others. The use of attention mechanisms has
enabled the identification of AAs in proteins and atoms in a
ligand that are highly cross-correlated and appear to physically
interact (Figure 4), """ although the degree of success in
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identifying interacting sites remains to be assessed. Attention
has also provided an effective way to “fuse” protein and ligand
representations in binding prediction models.*®'>"!#>130/15!
Attention is a versatile mechanism that can also be applied
to structural information such as the spatial coordinates of
individual atoms or contact maps of protein—ligand com-
plexes.”>*™">* The structural information of proteins and
ligands can be well-represented by a graph with nodes
representing AAs or atoms, and edges representing chemical
bonds or amino acid contacts. Edges may also represent other
predefined relationships or constraints between nodes.
Integrating attention mechanisms into Graph Neural Networks
(GNNs), a class of NNs specialized for processing graphs, has
been increasingly used for the study of PLIs.'*>~">* GNNs use
“message-passing” whereby each node’s embedding is updated
iteratively based on information from connected nodes."’
Each connection can be assigned a weight that quantifies the
likelihood of interdependence between connected nodes. For
example, a cysteine residue may have a higher weight for a
nearby cysteine than a nearby glycine due to the potential to
form a disulfide bond between cysteines. GNNs are often
augmented further, for example, by the addition of an attention
mechanism to (Erioritize connected nodes during message-
passing,'>>13¥1507198190 Apy example of attention’s application
to PLI studies is Jin et al’s CAPLA model,'®" which used a
“cross-attention” mechanism to directly correlate tokens within
the protein and ligand to one another. The resulting attention
weights can display the degree by which each unit relates to
one another in order to provide a degree of interpretability, as
determined by posthoc evaluation of the attention mechanism.
4.2.3. Transformers. While attention mechanisms have been
quite beneficial for the predictive success of NLP methods, the
“transformer” architecture pioneered in 2017 has also been
instrumental in advancing these capabilities.'** Transformers
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are a type of NN architecture that divides attention
mechanisms into multiple parallel operations, each applying a
different set of weights to the input data sequence. Several
relationships between tokens are captured and processed
simultaneously, dramatically improving the efficiency with
which human text can be processed. The transformer
architecture is the foundation of popular large language
models such as ChatGPT®° and was a key component of
DeepMind’s AlphaFold system.*”'®> Transformers have
become widely used in bioinformatics, for DNA, RNA, and
protein sequence analysis, as well as gene-based disease
predictions and PLI predictions.'®®

Transformers are designed to solve the problem of
“sequence transduction” or the conversion of an input
sequence of ordinal data into a predicted output sequence,
such as a translated text or a vector representation.'** In NLP,
this is called machine translation, whereby the input sequence,
for example, could be a sentence in English and the output
sequence is its French counterpart. The transformer is an
extension of the so-called “encoder-decoder” architecture
(Figure 3B), a state-of-the-art se%uence—transduction method
commonly used today.'**'371>1% The premise of encoder-
decoders is that sequentially ordered input data (e.g., English
text, protein sequences, SMILES) can be “compressed” or
encoded by a lower-dimensional fixed-length vector with
minimal information loss. “Encoding” is the process of
compressing informative features into a reduced vector
representation, effectively capturing implicit rules or structures
contained within the data. Typically, in this reduced
representation (called the “latent” space), inputs with similarly
informative characteristics appear close to one another. These
compressed vectors can subsequently be “decoded” or
expanded to an output representation of choice to complete
the transduction task. These transduction tasks naturally align
with the goal of text translation from one language to
another.'*”1¢” Importantly, transformers differ from traditional
encoder-decoder models by incorporating the attention
mechanism."** Attention allows latent representations to vary
in length, thus eliminating a fundamental constraint of
encoder-decoder models: that every input sequence, regardless
of length, be represented by a fixed-length vector in the latent
space. Transformers are widely used today””'*>'*® (especially
for long input sequences) given their inherent parallel
architecture, which makes processing data sets with billions
of items feasible. As compared to LSTMs, transformers are
architecturally more complex and tend to achieve better
performance.mg_172 Even so, transformers may not be the
most effective approach, particularly when dealing with small
data sets on the order of thousands of items.'”””'” In the
biological domain, transformers have been applied to the
prediction of protein—protein binding affinities,'’® post-
translational modifications,'”” and quantum chemical proper-
ties of small molecules.'”®

Early applications of transformers for the study of PLIs
involved simply retraining existing models designed for human
language inputs;'®>'”" surprisingly, these transformers sur-
passed existing state-of-the-art models for predicting binding
affinities.'*”'*" As new transformers were developed specifi-
cally to handle protein sequence data, predictive performance
for PLIs improved.'”™'** These developments included
preemptively dividing the texts into subsequences to determine
which amino acids contribute to binding and merging
embeddings from different transformers to provide multiple
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representational perspectives. Transformers have been further
modified for use with additional data types, such as protein
structures and images, as well as for predictin§ PLI properties
beyond binding affinity, e.g,, binding poses."””'® One such
example leverages algebraic topology'®® by converting
protein—ligand complex structures into unique one-dimen-
sional sequences.'”” This novel approach was notably able to
synthesize embeddings directly for the complex itself and
demonstrates space for innovation in further developing the
transformer architecture for PLI problems.

So far, transformer-based models have demonstrated
mastery at manipulating language constructs for tasks involving
reasoning, coding, vision, and mathematics at a level that
mirrors human performance.'® This success has also been
extended to molecular biology with the advent of Protein
Language Models (PLMs).””""'*” Through discerning the
probabilities of amino acid appearances given a location and
surrounding context, PLMs infer a notion of syntax and
semantics for proteins from data sets of protein sequences on
the order of millions."””"”" Once a PLM is trained, the
embeddings outputed from the last hidden layers can be
transferred to any protein-related prediction task. While the
embedding vectors are not fully explainable as to what
information is contained within, the inferred semantic
information is sufficiently preserved in the vector for PLMs
to be highly effective in protein-related tasks. PLMs have
demonstrated greater efficacy than sequence-based RNNs or
LSTMs in predicting specific protein properties, such as
structure, function, and cellular localization."”>'** PLMs also
present an opportunity to draw conclusions about small
protein families that may not have enough evolutionary
information available to perform traditional MSA-based
approaches.'”* Although PLMs have not been spotlighted as
much as breakthrough structure prediction projects such as
AlphaFold,*® they do see practical use for highly specialized
tasks. Such cases include predictin§ if amino acid variations
may preclude genetic disease'” or identifying cellular
sublocalization of peroxisomal proteins.'”

An example of a transformer encoder is Qian et al.’s CAT-
CPI model,'®® which applies a transformer to extract features
from protein sequences and images of molecules. For protein
sequences, Qian et al. experimented with several different
tokenization strategies to be used in conjunction with the
transformer to assemble protein subsequences based on
frequency among the total corpus of protein sequences. A
second transformer encoder was applied to discern long-
distance relationships between pixels in the input images of
molecules, gathering a different type of information entirely.
The use of transformers for two different formats of input
demonstrated the variety of use cases for an architecture as
versatile as the transformer.

4.3. Fusion of Protein—Ligand Representations:
Concatenation or Cross-Attention. Once candidate
interacting protein and ligand embeddings are extracted, they
need to be fused for an interaction pattern to emerge. Methods
for extracting embeddings from protein and ligand sequence
data have been the primary focus of the field to date such that
approaches for fusion have been somewhat neglected
untilrecently. A naive method for fusion is to simply
concatenate protein and ligand embedding vectors end-to-
end. More refined approaches, though, could involve advanced
data structures like graphs, whereby information such as
coordinates of protein and ligand is used not only to build a
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graph representation but is also incorporated into an attention
mechanism to account for local factors such as polarity or

ze.'"¥15%1%7 A mechanism of “cross-attention” could be
incorporated into the fusion approach whereby the importance
between the different token representations of the protein and
ligand are directly calculated"*”"*"'®" in an attempt to mirror
the underlying interaction of a protein with a ligand.'>> Cross-
attention has been shown to be at least as competitive in
predictive PLI tasks as other fusion methods,””” and an
improvement over the use of separate, independent attention
mechanisms for both protein and ligand.'”®

While fusion appears to be a natural and important
component for NLP studies of PLIs, some models circumvent
the idea of fusion altogether and use protein-only or ligand-
only representations explicitly. For example, Wang et al’s
CSConv2D algorithm only embeds ligand information."”” An
individual model is trained separately for each protein to
predict that protein’s compatible ligands, resulting in the
creation of hundreds of models. Although the task was to
predict PLIs, protein information was only incorporated
indirectly by labeling ligands during model training as either
binding to a given protein or not. Nonetheless, protein-only or
ligand-only models are rare, with most contemporary NLP-PLI
models considering both protein and ligand together through a
fusion step.

Mixed-data approaches aimed at combining different data
types for protein and/or ligand (e.g, sequence + structure;
sequence + image;'" or both sequence and structure for
protein + structure for ligand'®") have further spurred study
into which input formats are best for protein and ligand.
Mixed-data models may use a variety of architectures such as
an LSTM or transformer for a protein sequence and a GNN
for ligand structures.*”*° Combining multiple state-of-the-art
embeddings for both sequence and structure has outperformed
sequence-only baselines.”® Despite the increased complexity
involved in handling sequence and structural data simulta-
neously, mixed-data models are advantageous for both the
ease-of-use of protein sequences and the completeness of
ligand structural representations.

Although underexplored, combining multiple embeddings
for each protein and ligand input in the fusion process may be
beneficial. It has been suggested that different protein encoders
for extracting features may gather different but relevant
information to improve predictive outcomes.””’ In the
DeepPurpose algorithm, Huang et al. pursued a library
approach that offered 15 different protein and ligand
embeddings (including transformer and RNN) to be combined
and fed into a small NN to generate binary binding and/or
continuous binding affinity predictions.””" This menu-option
system enables users to compare feature extractors and find the
best protein and ligand embeddings for their research. Another
approach is to combine multiple embeddings through
operations such as component-wise multiplication or compo-
nent-wise difference, as each embedding could represent a
different set of features.'*”*” Shen et al.’s SVSBI algorithm'®
demonstrated how a higher-order embedding, by concatenat-
ing three different transformer embeddings, could outperform
several state-of-the-art baselines (including those based on
individual transformers alone) in the prediction of binding
affinity.

4.4. Prediction of Target Variables. Ultimately, specific
research questions must motivate the relevant PLI target
variables that will be predicted by constructed ML models.
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These models often consist of one or more fully connected
layers with relatively fewer parameters than the NNs used for
feature extraction or fusion. The purpose of these layers is to
utilize the latent protein and ligand features to predict an
output target variable such as binding affinity or a binary
indication of whether a pairing interacts. Thus, the fused
protein and ligand embeddings are passed through these final
layers to compute the prediction. Embeddings that effectively
capture important underlying features can also be applied to
predict other useful properties beyond binding affinity such as
protein and ligand solubility.">*"'*°

4.5. Evaluation. Evaluation is typically performed by
comparing statistical metrics between models on the same test
data sets. Evaluation metrics vary by task: classification
predictions can be assessed via metrics such as precision,
recall, and F1 score metrics whereas regression predictions are
often evaluated relative to the ground-truth test data via
concordance index and mean square error metrics.”*"
Premade data sets such as PDBBind”® are frequently bundled
with both training and test data sets to enable fair comparisons
with other established models. Models aiming to be general-
izable across several types of PLIs should ideally be evaluated
on several different sets of proteins and ligands.

While ML models can be assessed through the aforemen-
tioned statistical metrics, the practical utility of PLI predictive
models and their predictive accuracy in real-world cases is best
determined by domain experts.”'> For example, if a model is
designed to predict binding affinities, a set of predictions
generated in silico would be best confirmed through in vitro
experimentation. PLI prediction models could also gain
credibility if predictions are validated through physics-based
simulation techniques such as molecular docking and
molecular dynamics simulations.”'>*'* For instance, Chatterjee
et al’s AI-Bind predicted interactions between SARS-CoV-2
viral proteins and human targets, used molecular docking and
in vitro/clinical results to confirm these predictions in
agreement with existing literature.”'* Similarly, Kalakoti et
al’s TransDTI employed a transformer-based architecture and
corroborated predictions for MAP2k and TGF-$ inhibitors
with molecular dynamics simulations.”"® These methods
confirm the accuracy of predicted interactions and align with
existing biological knowledge, demonstrating both predictive
reliability and practical relevance. Such experimental and
simulation-based validation can justify a model’s use in the
setting where it can be most effective and create opportunities
for future interdisciplinary collaboration between ML practi-
tioners and domain experts in computational and experimental
biology.

5. CHALLENGES AND FUTURE DIRECTIONS

Advances in generative Al and NLP have revolutionized how
we tackle tasks related to human language. Early successes of
NLP methods in discernin§ the “rules” of protein structure (as
exemplified by AlphaFold™®) suggest significant potential for
NLP to transform our approach to studying PLIs. While many
innovations in the NLP computational toolkit for PLIs have
emerged in recent years, several practical hurdles remain,
limiting the impact and potential insights derivable from the
ML approaches. This section presents an overview of the many
challenges confronting the PLI field and suggests various
avenues to address them.

5.1. Lack of “True Negatives”. A common challenge in
today’s data-driven ML paradigm is the limited availability of
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abundant, high-quality, and labeled data.”’® In PLI studies,
there is a particular lack of bona fide “negative examples”, i.e.,
data for ligand-like molecules that do not bind a protein of
interest that are critical for model training. If a model is trained
on only positive data without any means to adjust for it, there
would consequently be a sizable bias toward labeling all test
data as positive. For instance, this could be an enzyme paired
with a molecule that is obviously not a compatible substrate. In
“supervised” ML,*'® models are trained on data with labels of
whether a protein—ligand pair is binding or non-binding, and
protein—ligand data spanning the full spectrum of interaction/
no-interaction are necessary for models to ‘learn’. When a
similar situation is encountered in other ML tasks, a common
approach is to select random data points not explicitly labeled
as “positive” and assume them as “negative”. However, given
the complexity and specificity of PLIs, these are often trivial
negative examples, since molecules that do not interact with a
protein of interest and are dissimilar to the “true” ligands
embody little information from which ML models can learn.
Manually curating protein—ligand pairs that display weak
interaction or lower binding affinity is an option for addressing
this problem, although this is time-consuming and labor-
intensive.

Unfortunately, the availability of informative negative PLI
data requires deliberate efforts of domain experts who
recognize the importance of generating, curating, and reporting
such data, which are rarely publicized or emphasized in the
literature regardless of data type.”'’>'" This scarcity of
negative examples has been observed in several fields.””’
Learning from positive data only or from a mix of positive and
unlabeled data is an active field of study, with attempts to apply
“unsupervised” and “semi-supervised” methods™' (see’”***
for examples related to PLI prediction). Compared with
supervised models, un/semi-supervised models typically
require larger data sets of tens to hundreds of thousands of
PLIs and are more computationally intensive.””” In cases
where negative data does exist albeit at a significantly reduced
quantity, classification studies of PLIs can adjust the
distribution of ligands to ensure equal proportions of positive
and negative examples; this has been shown to mitigate over
representational bias of positive data.”** Future studies should
resolve the lack of readily available non-interacting protein—
ligand pairs, perhaps through mining the scientific literature for
meaningful non-binding pairs.

5.2. Diversity Bias in PLI Data Sets. Many PLI data sets
display an underlying bias concerning either the diversity or
types of proteins and ligands, hindering the effectiveness of ML
algorithms. Training with insufficiently different data points can
lead to poor predictive performance when a model is deployed
for real-world examples. For example, binding affinity
predictors trained on the popular PDBBind data set’® with
both protein and ligand information represented performed no
better than those trained on only protein or only ligand
information as inputs,”’ suggesting that some implicit non-
informative patterns within the proteins and ligands of the
PDBBind data set were learned rather than information
concernin§ the mechanics of binding. The commonly used
DUD-E'” data set of bioactive compounds and respective
protein targets demonstrates a similar problem: classification
models that appeared highly accurate were found to differ-
entiate binders/non-binders based primarily on their different
shape classes and not the embedding of any relevant
information about the protein—ligand interface.”””** Existing
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literature suggests that this is a problem of quality over
quantity, as memorization-related biases in PLI models are not
alleviated by merely increasing the data set size or removing
overrepresented items.””> The presence of bias is under-
standable, given how idiosyncratic research interests in
biological or pharmaceutical fields shape the particular proteins
and subsets of ligands studied and the type of PLI data
generated and made available.

Given that models trained on biased data often fail in
practical, real-world prediction tasks, the creation of high-
quality, well-balanced, and unbiased PLI data sets is essential
to the future of ML-based PLI studies. One way around the
experimental challenges of generating sufficient protein—ligand
data may be through high-throughput molecular dynamics
simulations and/or docking studies using AlphaFold-pre-
dicted®® protein structures. In particular, methods that can
accurately estimate binding affinities, such as free-energy
perturbation®*® or umbrella sampling,”*”*** appear promising.
Although current simulation methods remain time-intensive,
advancements in high-performance computing and the
growing availability of GPU-based resources are making this
approach increasingly feasible””” and the benefits may be
worth investing in this pursuit. These approaches, unrestricted
by experimental technical limitations, could be systematically
deployed at scale to generate protein—ligand complex
structures and binding information, particularly for historically
understudied protein classes and ligand categories. These
procedures could also be automated, requiring far less human
intervention than laboratory experiments, to yield valuable
binding pocket information for improved structure-based ML
predictions.

5.3. Interpretable and Generalizable Design in PLI
Predictions. The open-data movement and the broad
accessibility of machine-learning tools have catalyzed the
development of numerous predictive models to discern
patterns within data. However, these models often rely on
complicated weighted operations that are challenging to
interpret. Many ML studies fail to consider designing
human-friendly interpretations of how their models’ predic-
tions are calculated. While interpretability is not a requirement
for a high-performing model, a lack of interpretability can be a
hurdle to the acceptance of such models as users may doubt
the trustworthiness of a “black-box” model."® One potential
approach for bridging the “explainability” gap is the use of
attention weights to corroborate existing protein—ligand
contacts (cf. Figure 4) BO12LIARISOISL Attention weights
highlight regions in PLI models that converge with higher
weight values but may result in “false positives” whereby higher
binding weights are inadvertently assigned to non-binding
regions. Unfortunately, a systematic assessment of “false
positives” in attention weights has yet to be performed, leaving
it unclear whether they are a reliable metric.”® Such false
positives are one facet of a larger debate on whether attention
weights provide sufficient explanatory power for PLI
models.”*"7**

While NLP presents attention mechanisms as one possible
avenue, other methods of explainability are starting to be
explored for interpretable PLI predictions. One example is a
game-theory approach to compute “Shapley values”, which
quantify the importance of individual features by evaluating
each feature’s contribution to the final prediction across all
possible combinations of those features.”””*** Visualizations
are another intuitive approach to aid our understanding of
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predictive models. For example, graph visualization can depict
the predicted bonds between an interacting protein and ligand,
and “saliency maps”*>> can highlight specific subregions of
protein and ligand that are the most influential in a prediction,
by discerning how subtle perturbations in individual input
features affect the output. Several avenues for interpretability
remain to be tested,”>° but none have been established as
standard. Determining a reliable interpretability method for
PLI prediction models will be critical for the field.

Another important aspect of modeling protein—ligand
interactions is generalizabilit)—or how well a model performs
on unseen data. During the evaluation of machine learning
models, test sets are typically selected with a presumed a priori
understanding of the expected sample distribution to ensure
accurate evaluation. However, the true sample distribution may
differ, and it is important that a model can accommodate
potentially unseen variations of input data. Although many
PLIs have been identified to date, the full scope and
distribution of all possible protein interactions remains
unknown. However, there exist several means through which
generalizability can be improved, including the production of
additional data novel examples, reducing diversity bias,
different strategies for splitting data into training and test
sets, or alternative training schema.”'**%’

A similar task for which highly generalizable models have
emerged is protein language modeling, where patterns are
observed from analyzing massive data sets of protein sequences
for purposes such as predicting protein stability or studying the
evolutionary relationships between proteins.'*”*** While
protein language models (PLMs) have achieved great
predictive success, they require immense amounts of diverse
data. Although the total number of unique tokens is much
smaller than for human languages, protein sequences may
contain far more tokens in total for data sets than for human
languages. For example, UniProt’s UniRef50,”** totals over
9.5 billion amino acids in length, and assuming that each AA is
a token, that is a substantially larger corpus than most NLP
data sets.'”* Currently, there may not be enough data available
forPLI studies to train on the same scale as in PLM studies.
However, with high-throughput analysis and the natural
progression of PLI prediction studies, this may eventually be
teasible.

5.4. The Insufficiency of an NLP-Only Approach for
PLI Studies? While NLP offers beneficial strategies for the
study of PLIs, it is not a panacea, and there may be
opportunities from other disciplines within computer science
to contribute to the study of PLIs. For example, computer
vision techniques may be favorable to use in handling
structural information over NLP techniques designed to
handle text.”** Complementary approaches to NLP such as
multimodal methods that integrate information from images
and textual descrigtions, can be applied to capture richer
representations.'***** More advanced architectures, such as
those exploring generative modeling, offer further avenues for
integrating diverse data sources.””> While the success of such
hybrid strategies has yet to exceed the performance of other
neural networks in PLI predictive tasks,”*' they demonstrate
the potential for innovation by taking inspiration from other
subdomains of ML and computer science beyond NLP.

Approaches informed by a deep domain-specific under-
standing have led to the practical success of ML methods. This
has been demonstrated by the AlphaFold initiative in which
nuanced awareness guided which biological features merited
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focus.**'*> For example, the researchers behind AlphaFold-

Multimer’s protein—protein interaction prediction algo-
rithm®** created an interface-aware protocol that crops protein
structures to reduce computational burden and decrease the
representation of non-interfacial amino acids while maintaining
an important balance of interacting and non-interacting
regions. Although AlphaFold-Multimer performs very well on
predicting protein complexes in several cases,”*>*** prelimi-
nary results suggest that the more recently released AlphaFold
3 may offer further improvements.*’

Whereas AlphaFold2 used a highly specified geometry-based
module to generate protein structures, AlphaFold3®” incorpo-
rates a diffusion model similar to those that are popular in
image generation tasks.”*>**® The diffusion model**’ of
AlphaFold3 begins with a “noise” cloud of atoms placed at
random and then iteratively converges to an accurate
representation of the input sequences’ 3D structure. This
initial inclusion of “noise” induces the model to refine the local
structure rather than quickly converging to a local minimum.
Whereas the previous AlphaFold2 geometry-based module was
specific to proteins alone, a simplified diffusion model allows
for the prediction of protein interactions with biological
objects such as nucleic acids and small molecules. AlphaFold3
has been a significant advance, outperforming both molecular
docking tools and diffusion-based-only models on structure
prediction tasks.”*® The recent release of AlphaFold3’s open-
source code makes the model highly accessible, allowing
researchers to examine new predictions of protein interactions.

Due to the recency of AlphaFold3's release in May 2024,
independent validation of AlphaFold3’s predictions has thus
far been limited. While studies have looked into AlphaFold3’s
limitations on protein—protein interactions™*” and protein-
nucleic acid interactions,”*”**" the limitations associated with
predicting PLIs are unclear. Studies to date suggest that
AlphaFold3 has difficulties predicting accurate ligand-binding
poses, pocket shape, and the assembly of domains for flexible
proteins.”> In a case study of flexible domains of receptor
proteins, AlphaFold3 was shown to generate plausible but not
the most stable conformations of proteins. AlphaFold3
predictions represent just onestable, averaged conformation
based on inferred patterns within the training data, while
ground-truth experimental methods like cryo-EM capture
stable states that may be influenced by particular environ-
mental contexts. Other possible limitations include how
AlphaFold3 predicts some categories of interactions more
accurately than others, the possibility of model hallucinations,
and restrictive hardware requirements to run the model.”*"**
AlphaFold3 is a powerful tool that is effective for general use,
but only time will tell how it, along with other competing tools
like Rose TTAFold*** and OpenFold,255 will perform in future
PLI studies.

The study of PLIs may eventually outgrow NLP methods,
but for the foreseeable future, advances in NLP have
established a strong foundation for processing texts represent-
ing biological objects. NLP still plays a key role in text-driven
tasks such as the de novo generation of SMILES strings for
automated molecular design.zs‘s_258 Regardless, machine
learning-based PLI studies will need to rely on close
collaborations between experts in both biological and
computational domains to catalyze further innovations in
what is an interdisciplinary goal.
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6. CONCLUSION

Natural language processing (NLP), a subdiscipline of machine
learning (ML), offers myriad tools for both experimental and
computational researchers to accelerate exploratory studies in
structural biology. The prediction of protein—ligand inter-
actions (PLIs) can be reimagined through NLP by treating
protein and ligand representations like text. Protein sequences
resemble readable text with inherent meaning to be inferred,
while chemical text formats such as theSMILES allows for
limited NLP application to small molecules. Current efforts
seek to leverage multiple or augmented SMILES representa-
tions to address these limitations.

Approaches to tackling PLI prediction tasks using sequence-
only data, structural data, or a combination of both, have all
yielded successful predictions, although the advantage of one
input data type over others remains unclear. Sequence-only
data approaches are simple and amenable to NLP but requires
a significant abstraction of chemical information; structural
data is informationally rich but computationally expensive to
handle, while combining both sequence and structural data
types offers balance at the expense of complexity.

The transformer architecture, in general, and attention
mechanisms, in particular, have yielded the most promising
NLP-based PLI prediction results to date. Incorporating
complementary data (e.g, multiple sequence alignments,
ligand polarities, etc.) can improve predictive success but at
a significant increase in computational cost. After data
selection and preparation, all methods have followed a general
ML Extract-Fuse-Predict model creation framework of: (i)
extracting feature embeddings for protein and ligand, (ii)
fusing protein and ligand embeddings, and (iii) making
predictions based on the created ML model.

The first step of data set selection is crucial for any ML-
based study of PLIs, and no single data set can satisfy all needs,
with many suffering from missing data or the lack of negative
data. Data sets must align with specific research goals, requiring
thoughtful consideration as to what inputs, formats, and target
variable(s) are selected for the ML model. Appropriate
tokenization and embedding methods, which convert proteins
and ligands into numerical representations, are vital for a
successful model. Atoms or amino acids typically serve as
tokens, and neural networks (NNs) have helped identify
hidden patterns more quickly. NLP-inspired NNs, such as
Long Short-Term Memory NNs, along with attention
mechanisms and transformer architectures, have shown
particular promise for understanding PLIs. A modular
approach combining multiple embeddings can capture diverse
perspectives, improving prediction accuracy, especially for the
prediction of binding affinities. After appropriate embeddings
are obtained, graph-based methods and cross-attention
mechanisms have been shown to be effective in combining
data from diverse sources.

NLP has been central to ML studies of PLIs and has yielded
promising results, although many challenges remain. Explain-
ing ML model predictions is essential for their trustworthiness
and acceptance. Current explanatory metrics, such as attention
weights and Shapley values, offer some degree of interpret-
ability but remain to be fully validated. A major challenge is the
lack of well-annotated non-binding protein—ligand pairs, or
“negative data”. Unsupervised methods or manually curated
selections of non-binding pairs are potential solutions. Popular
PLI data sets may contain biases that cause models to
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“memorize” idiosyncratic patterns rather than “learn” the true
mechanics of PLIs. Ensuring balanced training data sets
(positive vs. negative data, number of proteins vs. ligands, etc.)
would be essential to avoid such bias.

As protein and ligand sequence representations differ from
human language, it may be difficult to capture their complexity
with NLP methods alone, especially as much of the variation in
protein function can often be explained by simple amino acid
interactions rather than complex higher-order interactions.”*”
While NLP has contributed significantly to the advance of PLI
studies, future improvements may come from both modifying
machine learning architectures and incorporating nuanced
biological domain knowledge. For instance, the researchers
behind AlphaFold-Multimer’s protein—protein interaction
prediction algorithm®** created an interface-aware protocol
that crops protein structures to reduce computational burden
and the representation of non-interfacial amino acids while
maintaining an important balance of interacting and non-
interacting regions. Some researchers have also integrated mass
spectrometry data to improve model predictions of protein
complexes.”®” More recently in AlphaFold3,* a diffusion layer
has been added to Alphafold’s previous workflow to enable the
study of PLIs. Time will tell to what degree AlphaFold3 will
advance predictions of PLIs but progress in PLI research will
undoubtedly require interdisciplinary collaborations between
computer scientists, chemists, and biologists.

Although it is best practice to evaluate model performance
against ground-truth experimental results or results from
physics-based computer simulations, few studies to date have
benchmarked their model predictions in this way. Formal
competition may prove to be a promising avenue for future
advances in PLI prediction. Other grand challenges, such as
protein folding and protein assembly, have had significant
progress facilitated through competitions like Critical Assess-
ment of Structural Prediction (CASP)'” and Critical Assess-
ment of Prediction of Interactions (CAPRI)."*"'%* These well-
adjudicated competitions use unpublished test sets for
objective model comparisons. Milestone algorithms like
AlphaFold®®" and RosettaFold*** were formed, improved,
and refined through the crucible of such contests. Creating a
dedicated competition devoted to protein—ligand interactions
could similarly inspire innovation and catalyze seminal
algorithmic advances for PLI prediction.
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