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Abstract: Background: Drug discovery is a complex and expensive procedure involving several
timely and costly phases through which new potential pharmaceutical compounds must pass to get
approved. One of these critical steps is the identification and optimization of lead compounds,
which has been made more accessible by the introduction of computational methods, including
deep learning (DL) techniques. Diverse DL model architectures have been put forward to learn the
vast landscape of interaction between proteins and ligands and predict their affinity, helping in the
identification of lead compounds.

Objective: This survey fills a gap in previous research by comprehensively analyzing the most
commonly used datasets and discussing their quality and limitations. It also offers a comprehen-
sive classification of the most recent DL methods in the context of protein-ligand binding affinity
prediction (BAP), providing a fresh perspective on this evolving field.

Methods: We thoroughly examine commonly used datasets for BAP and their inherent characteris-
tics. Our exploration extends to various preprocessing steps and DL techniques, including graph
neural networks, convolutional neural networks, and transformers, which are found in the litera-
ture. We conducted extensive literature research to ensure that the most recent deep learning ap-
proaches for BAP were included by the time of writing this manuscript.

Results: The systematic approach used for the present study highlighted inherent challenges to
BAP via DL, such as data quality, model interpretability, and explainability, and proposed consid-
erations for future research directions. We present valuable insights to accelerate the development
of more effective and reliable DL models for BAP within the research community.

Conclusion: The present study can considerably enhance future research on predicting affinity be-
tween protein and ligand molecules, hence further improving the overall drug development pro-
cess.

Keywords: Deep learning, protein-ligand binding affinity, compound-protein interaction, drug discovery, drug repurposing,
DNA sequences.

1. INTRODUCTION
The  concept  of  drug  repurposing  has  emerged  as  a

promising  strategy  in  modern  drug  discovery,  offering  a
shortcut  to  identifying  new  therapeutic  uses  for  existing
drugs.  Computational  methods  enable  systematic  explora-
tion of the vast landscape of molecular interactions, facilitat-
ing the repurposing of approved drugs for novel indications
[1]. This approach circumvents many of the challenges asso-
ciated  with  traditional  drug  discovery  and  accelerates  the
identification of lead compounds with therapeutic potential.

*Address  correspondence  to  this  author  at  the Department of  Computer
Science  and  Electronic  Engineering,  Sun  Moon University, Asan 31460,
Republic of Korea; E-mail: kjd4u@sunmoon.ac.kr

1873-5592/24

Exploring compound-protein interactions (CPIs) is funda-
mental to drug discovery and repurposing, as they elucidate 
the mechanisms of action and therapeutic efficacy of phar-
maceutical agents. DL methods play an essential role in elu-
cidating these interactions, covering various aspects such as 
binding site prediction, molecular docking, binding interac-
tion prediction framed as binary classification, and binding 
affinity prediction.

With binding site prediction algorithms, one can identify 
the regions on target proteins where small molecules (ligand-
s) are likely to bind, providing valuable insights into poten-
tial drug-target interactions [2, 3]. On the other hand, molec-
ular docking algorithms further facilitate the exploration of 
CPI by simulating the binding process and predicting the op-

2024  Bentham Science Publishers

© 2024 The Author(s). Published by Bentham Science Publisher. This is an open access article published under CC BY 4.0 https://creativecommons.org/licenses/by/4.0/legalcode  

http://crossmark.crossref.org/dialog/?doi=10.2174/0113894501330963240905083020&domain=pdf
https://creativecommons.org/licenses/by/4.0/


1042   Current Drug Targets, 2024, Vol. 25, No. 15 Abdelkader and Kim

timal orientation and conformation of ligands within binding
sites [4]. BAP algorithms play a crucial role in quantifying
the strength of interactions between compounds and target
proteins,  enabling  the  prioritization  of  lead  compounds
based on their potential efficacy. Additionally, binding inter-
action prediction, framed as binary classification, allows re-
searchers  to  distinguish  between  active  and  inactive  com-
pounds based on their propensity to interact with target pro-
teins [5, 6].

The  availability  of  experimentally  measured  data  on
binding interactions has spurred the proliferation of numer-
ous  DL methods.  The authors  across  the  field  propose  di-
verse  feature  representations  and  architectures  for  feature
learning, ranging from convolutional neural networks (CNN-
s) models to recurrent neural networks (RNNs), graph neural
networks (GNNs), and even transformers. The diversity re-
flects the adaptability of DL methodologies in comprehen-
sively capturing the complexities inherent in CPI.

CPI prediction has often been framed as a binary classifi-
cation. Although this simplification has aided in developing
predictive  models,  it  has  limitations.  Binary  classification
tends to oversimplify the diverse nature of binding interac-
tions,  neglecting  the  varying  degrees  of  affinity  between
compounds and proteins. Instead of recognizing a continu-
um of affinities, where interactions can range from weak to
strong, binary classification tends to focus on a rigid catego-
rization  of  interactions  as  binding  or  nonbinding.  The  ap-
proach overlooks the nuanced and varied strengths of molec-
ular interactions inherent in biological systems.

In contrast, framing CPI prediction as a regression task
to predict binding affinity offers a more informative perspec-
tive.  Regression models  provide valuable  insights  into the
potency and efficacy of potential drug candidates by quanti-
fying the strength of  interactions between compounds and
proteins. This nuanced understanding is crucial for prioritiz-
ing lead compounds and effectively guiding drug discovery.
Therefore, our focus is specifically on studies that employ
binding  affinity  as  the  target  variable  for  predictive  mod-
elling in CPI.

1.1. Motivation
Numerous reviews have explored various aspects of pro-

tein-ligand binding affinity prediction, yet a notable gap per-
sists in the examination of DL methodologies. For instance,
Zhang  et  al.  [7]  concentrated  solely  on  graph  neural  net-
works  for  BAP,  while  Bagherian  et  al.  [8]  focused  their
study  on  machine  learning  (ML)  methods.  Similarly,  D.
Wang  et  al.  [9]  focused  on  free  energy-based  simulations
and ML-based scoring functions in their analysis. Although
Wang et al. [10] delved into DL, they lacked comprehensive
discussions on various data representations and commonly
used datasets for BAP, with limited exploration of DL-based
methods.  Additionally,  Meli  et  al.  [11]  predominantly  fo-
cused on structure-based DL techniques, omitting the most
up-to-date models.

Our aim is  to bridge the gap by thoroughly examining
commonly used datasets, discussing their quality, and offer-
ing an in-depth analysis of the most up-to-date DL methods,
challenges, and future directions within this context. By ad-
dressing  these  crucial  aspects,  we  aspire  to  provide  a  nu-
anced understanding of the role of DL in BAP, highlighting
its potential implications for drug discovery and drug repur-
posing.

1.2. Contributions
The primary contributions of the study can be outlined

as follows:

•  In-depth  data  analysis  and  quality  evaluation  for  in-
formed dataset selection:

In contrast to previous surveys, we provide a richer data
analysis and quality evaluation of the most used datasets in
the BAP. By offering an in-depth assessment of dataset char-
acteristics and quality, the paper guides the selection of ade-
quate datasets for their studies.

• Comprehensive analysis of DL methods, with a focus
on up-to-date methods:

Given the limited coverage of DL approaches in previ-
ous  studies,  we  thoroughly  analyzed  various  DL  methods
employed in BAP, notably by covering the most up-to-date
DL methods  from the  literature  and  offering  the  most  de-
tailed classification compared to previous surveys. This com-
prehensive examination enhances our understanding of the
efficacy of DL models in BAP.

• Identification of future directions for research and inno-
vation:

We identify critical areas for further research and innova-
tion by discussing the challenges and future directions in DL
for BAP. By highlighting emerging trends and potential av-
enues  for  exploration,  our  survey  guides  researchers  and
practitioners toward advancing drug discovery and repurpos-
ing initiatives using state-of-the-art DL techniques.

As outlined in Fig. (1), the subsequent sections of this ar-
ticle are organized as follows. Section 2 provides a brief yet
comprehensive background to foster a clear understanding
of the topics at hand. In Section 3, we delve into an exten-
sive data analysis and quality evaluation of the predominant
datasets in the BAP. Section 4 discusses common data pre-
processing  methods,  and  Section  5  presents  a  comprehen-
sive  analysis  of  DL  methods  employed  in  BAP,  detailing
various methods and their limitations. In Section 6, we dis-
cuss challenges and directions for future works, highlighting
critical  areas for  further exploration and innovation in DL
for BAP.

2. BACKGROUND
The drug discovery process unfolds through several dist-

inct stages, each marked by challenges and complexities. It
typically  begins  with  target  identification  and  validation,
wherein the molecular mechanisms underlying a disease or
pathological condition are studied [12]. These potential tar-
gets encompass a diverse range of biomolecules, including
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Fig. (1). Proposed survey’s structure. (A higher resolution / colour version of this figure is available in the electronic copy of the article).

DNA sequences, RNA molecules, proteins, and metabolites,
which hold promise for therapeutic intervention. Once a tar-
get has been identified, the search for lead compounds com-
mences, often through high-throughput screening of chemi-
cal libraries or rational drug design strategies.

After promising compound identification, a meticulous
evaluation process ensues, subjecting each identified com-
pound  to  rigorous  scrutiny  concerning  its  efficacy,  safety
profile, and pharmacological properties. Following this thor-
ough evaluation, the selected compound advances to preclini-

cal research, undergoing rigorous testing in both in vitro and
in vivo settings.

This phase allows for a comprehensive assessment of the
potential  impact  of  compounds  on  physiological  systems,
laying the groundwork for subsequent clinical trials and reg-
ulatory approval processes. However, as outlined in Fig. (2),
this traditional approach to drug discovery has some limita-
tions. It is time-consuming, labor-intensive, and prohibitive-
ly costly, requiring extensive resources and years of painstak-
ing effort [13, 14].
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Fig. (2). Deep learning versus traditional approach for BAP. (A higher resolution / colour version of this figure is available in the electronic
copy of the article).

3. MOST USED DATA IN BAP
Recent  advancements  in  high-throughput  screening,

open data initiatives, and sequencing technologies have en-
abled large-scale experiments for compound and gene char-
acterization [15-20]. These experiments have led to the iden-
tification of novel CPI and contributed to the rapid growth
of  CPI  databases.  However,  managing  and  curating  these
abundant data remains an ongoing challenge in computation-
al biology [21]. For instance, it can be difficult to identify
the  most  relevant  and  reliable  CPI  data  for  training  a  DL
model. Additionally, the quality of CPI data can vary wide-
ly, making it challenging to evaluate their reliability.

Numerous  databases  and  repositories  for  CPI  data  are
available and can be categorized into protein-centric, com-
pound-centric,  and  compound-protein-centric  databases
[22]. Protein-centric databases primarily offer functional and
structural information about proteins. The most widely util-
ized protein-centric databases are the Universal Protein Re-
source  Knowledgebase  (UniProtKB)  and  the  Protein  Data
Bank (PDB). UniProtKB is divided into UniProtKB/Swis-
s-Prot  and  UniProtKB/TrEMBL  [23].  UniProtKB/Swis-
s-Prot maintains manually annotated and experimentally ver-
ified protein sequences, while UniProtKB/TrEMBL contains
computationally analyzed sequences awaiting manual anno-
tation.

As of November 2023, UniProtKB/Swiss-Prot compris-
es  570 420 meticulously  curated  sequence  entries  sourced
from 295 467 unique references with a total of 206 321 560
amino  acids  (UniProtKB/Swiss-Prot  release  2023_05).

Meanwhile, UniProtKB/TrEMBL featured 251 131 639 se-
quence entries, comprising 88 223 298 202 amino acids (U-
niProtKB/TrEMBL  release  2023_05).  In  comparison,  the
PDB currently contains 211,377 entries corresponding to ex-
perimentally determined three-dimensional structures of bio-
logical macromolecules, primarily proteins and nucleic acids
[24].

On  the  other  hand,  compound-centric  databases  offer
comprehensive data about chemical compounds, including
their chemical structures, properties, interactions, and bioac-
tivity. Two notable representative compound-centric databas-
es are DrugBank [25] and ChEMBL [26].

Our  focus  is  on  compound-protein-centric  databases,
which provide information on both proteins and compounds
and  their  interactions.  The  most  commonly  used  com-
pound-protein-centric databases for BAP in the literature are
the PDBbind [27] (including PDBbind_core_2013 [28-31]
and  PDBbind_core_2016  [32]),  DAVIS  [28],  BindingDB
[29], and Kiba [30]. The analysis of these data in the follow-
ing  section  aims  to  assist  researchers  in  making  well-in-
formed choices when selecting suitable datasets for training
and testing DL models designed for BAP tasks.

3.1. PDBbind
The  protein  molecular  weight  within  the  general  set

spans from 3494 Daltons (Da) to a maximum of 423,549 Da
(Figs.  3  and  4).  In  contrast,  the  molecular  weights  of  the
compounds range from 57 Da to 3046 Da (Fig. 3). Outliers
for protein molecular weight exceed 75,866 Da, while the up-
per bound for compound weight is 877 Da.
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Fig. (3). Box plot of compound molecular weights in commonly used datasets. (A higher resolution / colour version of this figure is avail-
able in the electronic copy of the article).

Fig. (4). Box plot of proteins molecular weights in commonly used datasets. (A higher resolution / colour version of this figure is available
in the electronic copy of the article).
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Fig. (5). Histograms of compound lengths in commonly used datasets: (a) Binding DB; (b) Davis; (c) Kiba; (d) PDBbind General set ; (e)
PDBbind_core_2013; (f) PDBbind_core_2016. (A higher resolution / colour version of this figure is available in the electronic copy of the ar-
ticle).

Most BAP models primarily rely on sequence-level fea-
tures, and the length distribution of these sequences signifi-
cantly affects model performance. Identifying the optimal in-
put sequence length during model training is crucial. In the
general  set,  SMILE lengths  of  compounds  vary  from 6  to
510 characters (Fig. 5), while protein sequences range from
31 to 3,833, with outlier thresholds set at  666 for proteins
and 147 for compounds (Fig. 6). When visualizing the com-
pound's polar surface area against molecular weight and the
octanol-water partition (LogP), similarities emerge between
this dataset and compounds in the BindingDB dataset (Figs.
7a and 7d), likely due to overlapping molecules.

3.1.1. PDBbind Core_sets 2016 and 2013
The  PDBbind  core  set  is  a  curated  collection  of  high-

-quality  protein-ligand  complexes  used  to  validate  and
benchmark BAP methods. This essential set is the primary
test set for the renowned Comparative Assessment of Scor-
ing  Functions  (CASF)  benchmark.  The  latest  version,  re-
ferred to here as PDBbind core_2016, is made of 285 pro-
teins‒ligand complexes, much more than the older version
PDBbind core_2013, which contained 195 complexes.

A  box  plot  analysis  reveals  that  protein  molecular
weights  in  both sets  range from 10,000 Da to 121,000 Da
(Fig.  4),  while  compound  molecular  weights  fall  between
121 Da and 950 Da (Fig. 3). The mean compound molecular
weight is 351 Da for core_2016 and 365 Da for core_2013.

The length distribution plots for both sets show diverse
ranges of compound SMILE lengths. In core_2016, lengths
vary  from  15  to  164  (Fig.  5f),  while  in  core_2013,  they
range  from 15  to  205  (Fig.  5e).  Similarly,  protein  lengths
show  variability,  ranging  from  99  to  1045  for  core_2016
(Fig. 6f) and 99 to 1052 for core_2013 (Fig. 6e).

3.1.2. PDBbind-koff-2020
A more curated set  introduced by Liu et al.,  known as

PDBbind-koff-2020 [33], offers a comprehensive collection
of 680 protein-ligand complexes, each characterized by ex-
perimental dissociation rate constants (koff). PDBbind-kof-
f-2020 encompasses 155 protein types with dissociation rate
constants  spanning  ten  orders  of  magnitude.  The  protein
molecular weights vary from 11,780 Da to 378,000 Da, with
75% falling below 84,660 Da (Fig. 4). Additionally, the
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Fig. (6). Histograms of protein lengths in commonly used datasets: (a) Binding DB; (b) Davis; (c) Kiba; (d) PDBbind General set; (e) PDB-
bind_core_2013;  (f)  PDBbind_core_2016.  (A higher resolution /  colour version of  this  figure is  available in the electronic copy of  the
article).

histogram plot illustrates protein sequence lengths ranging
from 99 to 3,390 (Fig. 6g).

A concluding remark about the PDBbind datasets is the
need for careful consideration. Some protein structures pro-
vided may contain issues,  such as  missing coordinates  for
certain residues or the presence of unusual residues. More-
over, there is significant overlap among the general, refined,
and core sets. Due to the high occurrence of low-quality pro-
tein-ligand complexes in the general set, it is deemed more
suitable  to  train  a  DL  model  using  the  refined  set  [34].
Within  this  refined  set,  complex  structures  and  binding
affinity values have been meticulously curated, thereby en-
suring a higher data quality.

3.2. Davis
The Davis dataset, introduced by Davis et al. [28], is a

collection of small-molecule kinase inhibitors and their inter-
actions  across  the  human  protein  kinome.  It  includes  72
known kinase inhibitors tested against a panel of 442 kinase
assays, covering more than 80% of human protein kinase do-
mains.  It  provides  information  on  approximately  30,056
drug-target  pairs  measured  in  Kd.

The  set  contains  proteins  with  molecular  weights  be-
tween 32,990 Da and 290,000 Da, as shown in Fig. (4). The
compounds  have  molecular  weights  varying  between  275
Da  and  650  Da,  as  depicted  in  Fig.  (3).  Protein  sequence
lengths span between 288 and 2549 (Fig.  6b),  while com-
pound lengths range from 32 to 81 (Fig. 5b).

A scatter plot of the polar surface area, compound molec-
ular  weights,  and  LogP  reveals  a  close  association  to  the
chemical space of the PDBbind core_2013 dataset (Figs. 7b
and 7e). Both chemical spaces are spread out compared to
the clustered space of the Binding DB and PDBbind-general
sets.

A notable observation regarding the Davis dataset is the
presence  of  overlapping  drug-target  pairs  with  other  da-
tasets, namely the Metz [35] and Anastassiadis [36] datasets.
The Davis dataset is reported to be sharing 2575 drug-target
pairs with the Metz dataset and 4255 with the Anastassiadis
dataset [30].

3.3. BindingDB
BindingDB is a rich and diverse repository of experimen-

tally determined protein-ligand binding affinities. The exten-

������

	

��


�
��

�

(
��� ��+�����

����� �� ��!�

$�����

������

%�����

������

������

�
� ���� ���� ����

	

��


�
��

�

(
��� ��+�����

����

$�� ���� �$�� ���� �$��

%$��

%���

�$��

����

�$��

����

$��

�

�"��!�# �

	

��


�
��

�

(
��� ��+�����

����' "�

�$���

�����

�$���

�����

$���

�
���� ���� %��� ����

	

��


�
��

�

(
��� ��+�����

����(!�" ��
����

$���

����

%���

����

����

�
� ���� ���� %��� ����

����(!�" ��)��
�)���%

	

��


�
��

�

(
��� ��+�����

%�

�$

��

�$

��

$

�
��� ��� ��� ��� ����

	

��


�
��

�
(
��� ��+�����

�*��(!�" ��)��
�)����

��

%�

��

��

�
��� ��� ��� ��� ����



1048   Current Drug Targets, 2024, Vol. 25, No. 15 Abdelkader and Kim

Fig. (7). (a-f) 3D Scatter plot illustrating the relationship between polar surface area, molecular weight, and LogP of compounds in common-
ly used datasets.
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sive collection encompasses approximately 2.8 million en-
tries,  covering  around  1.2  million  unique  compounds  and
9200  distinct  proteins.  The  binding  affinity  data  are  ex-
pressed  as  Kd,  Ki,  or  IC50.

A significant subset of this dataset, totaling 1.297 mil-
lion entries  associated with  594,000 compounds and 4500
proteins,  has  been  curated  from  scientific  articles  by  the
BindingDB  team.  Additionally,  BindingDB  integrates  en-
tries  from  reputable  databases,  such  as  ChEMBL  and
PubChem, along with information drawn from patents. Bind-
ingDB  offers  a  user-friendly  web  interface,  facilitating
searches  based  on  protein  names,  ligand  names,  binding
affinities,  and  experimental  methods.

The molecular weight distribution within a subset of the
BindingDB dataset,  comprising  1.4  million  entries,  shows
that 75% of compound molecular weights fall below 498 Da
(Fig.  3)  and  protein  molecular  weights  below  86,000  Da
(Fig. 4). (Figs. 5a and 6a) demonstrate that both compound
and  protein  lengths  have  a  positively  skewed  distribution.
Figs.  (7a  and  7d)  indicate  a  close  similarity  between  the
compounds of BindingDB and those of PDBbind in terms of
their polar surface area, molecular weights, and LogP.

3.4. Kiba Dataset
KIBA (Kinase Inhibitor Bioactivity) is another common-

ly used dataset in BAP. It is a collection of bioactivity data
related to kinase inhibitors, offering information about their
interactions with various kinase targets. KIBA data integrate
diverse sources, including large-scale biochemical assays, to
provide a more holistic and accurate representation of kinase
inhibitors bioactivity.

Containing  data  from  three  major  assays  and  comple-
mented by a novel model-based integration approach, this da-
taset contributes significantly to understanding the selectivi-
ty profiles of kinase inhibitors. It enhances the reliability of
drug-target interaction classification by effectively address-
ing data heterogeneity and leveraging a combination of IC50,
Ki, and Kd measurements into a single score, known as the
KIBA score, which represents the binding affinity.

KIBAs compounds have molecular weights between 150
and 3740 Da (Fig. 3), while protein molecular weights range
between 24,942 and 469,084 Da (Fig.  4).  Length distribu-
tion analysis indicates that most compounds have lengths be-
tween  14  and  100  (Fig.  5c),  while  over  75%  of  protein
lengths are below 915 (Fig. 6c). Fig. (7) shows differences
in  KIBAs  chemical  space  compared  to  PDBbind,  Bind-
ingDB,  and  Davis.

4. COMMON DATA PREPROCESSING METHODS

4.1. Data Integration
BAP often requires integrating data from various databas-

es to create a comprehensive and diverse dataset. The pro-
cess involves several steps to ensure the quality, consisten-

cy, and reliability of the integrated dataset. The initial step
in building a BAP model consists in gathering information
on protein-ligand interactions from various datasets, such as
those discussed in Section 3. It is essential to carefully select
data encompassing a diverse range of protein-ligand interac-
tions (PLIs) to capture different structural and chemical char-
acteristics.  This  diversity  is  necessary  for  building  robust
and generalizable predictive models.

When performing data integration, it is crucial to estab-
lish common identifiers for matching entries across various
databases.  This  involves  aligning  entries  based  on  shared
identifiers, such as protein or compound names, as well as
specific identifiers, such as PDB identifiers for proteins in
the  PDB  database,  UniProt  accession  numbers  for  the
UniProt database, or InChIKeys for compounds. Due to vary-
ing data acquisition and curation practices, different databas-
es may employ inconsistent naming conventions or data rep-
resentations.

4.2. Affinity Measures Conversion (IC50, KD, KI)

Converting affinity measures is crucial in building an ac-
curate and generalizable DL model for BAP. The necessity
to transform the affinity values arises from the diverse ways
in which experimental assays express binding affinity, typi-
cally in terms of Kd, IC50, or Ki. These represent different as-
pects of the binding strength between a protein and a ligand.
Using different units across datasets introduces challenges in
comparing and integrating data for model training and evalu-
ation. For instance, data from BindingDB comprise a multi-
tude of assays, each adopting its preferred metric for binding
affinity.

The variability in unit measurements can result in incon-
sistencies  and  inaccuracies  within  model  predictions.  Re-
searchers often resort to strategies for converting affinity val-
ues to address the issue.  One approach,  as  exemplified by
DeepLPI [37], involves selecting a specific unit, such as Kd,
and retaining only interactions represented in that unit. The
approach  ensures  a  consistent  representation  of  binding
affinity  throughout  the  dataset.

In the case of MAPL-FMP [38] working with the PDB-
bind  dataset,  they  considered  instances  with  activity  ex-
pressed in terms of either Ki or Kd while excluding those ex-
pressed in IC50 or EC50 values.

In their work on the PDBbind dataset, Shen et al. (2021)
used the binding affinity expressed in the log space of the
original units (−Log10Kx). Similarly, other models, such as
DeepDTA [39], DeepGLSTM [40], and DeepCDA [41], em-
ploy a similar approach for datasets such as the Davis da-
taset. The affinity values were converted into PKD values us-
ing Eq. (1), where Kd is the dissociation constant. This con-
version  ensures  that  diverse  datasets  with  varying  affinity
units  can  be  effectively  integrated  into  the  model  training
process.

                                                  (1)
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Table 1. Protein and ligand maximum lengths adopted by various authors.

   Models    Datasets    Protein Max Length    Ligand Max Length

Electra-DTA [1]    BindingDB, Kiba, Davis    1000    100

ML_DTI [2]    Davis, Metz, Kiba    1200    100

Multi-PLI [3]    PDBbind, Davis    1200    200

GraphDTA [4]    Davis, Kiba    1000    -

WideDTA [5]    Davis    1000    85

DeepCDA [6]    Kiba, Davis, BindingDB    1000    100

ResBiGAAT [7]    PDBbind, CSAR-HiQ    1000    150

DeepDTA [8]
   Davis    1200    85

Kiba    1000    100

DeepGLSTM [9]
   Davis, KIBA, DTC, Metz, ToxCast,

STITCH
   1000    -

Zhu et al. [10]    Davis, Metz, KIBA    1200    -

ColdDTA [11]    Davis KIBA    1200

PCNN-DTA [12]    KIBA, Davis, BindingDB    1000    100

CAPLA [13]    PDBbind, CSAR-HiQ    1000    150

Zhang et al. [14]    Davis, Kiba    1000    100

4.3. Fixing optimal Sequence Length for Proteins and
Ligands

In BAP, the length of both protein and ligand sequences
can vary significantly, as described in Section 3. The varia-
bility poses a challenge for DL models, which typically re-
quire  fixed-size  inputs.  A  maximum  length  constraint  for
protein  and  ligand  sequences  is  often  implemented  to  ad-
dress  the  issue.  By  implementing  maximum  length  cons-
traints, computational efficiency, generalizability, and perfor-
mance  can  be  improved.  The  specific  length  selection  is
guided by the datasets characteristics, the complexity of the
binding  interaction,  and  the  available  computational  re-
sources.

Determining the optimal length for protein and ligand se-
quences involves a balance between capturing sufficient in-
formation and maintaining computational efficiency. Table
1  lists  the  maximum  length  constraints  used  in  various
studies. The common choice for protein sequence length is
1000-1200,  while  the  ligand  sequence  length  typically
ranges  from  85  to  200.

4.4. Proteins and Ligands Representation

4.4.1. Ligands Representation
Diverse  data  formats  and  encoding  schemes  are  em-

ployed to represent ligand compounds and proteins. Ligand
compounds  are  commonly  represented  using  Simplified
Molecular Input Line Entry System (SMILES) notation, fin-
gerprints, and molecular graphs.

SMILES are  textual  representations  of  chemical  struc-
tures providing a concise and human-readable format for rep-

resenting  molecular  structures.  They  encode  information
about atom types,  bond types,  and connectivity in a linear
string. Widely utilized in literature, SMILES serves as the
predominant representation of ligands. This textual represen-
tation is subsequently encoded using one-hot or label encod-
ing techniques to facilitate its  integration into DL models.
The advantages of SMILES include their simplicity, ease of
interpretation, and compatibility with various cheminformat-
ics tools.  However,  SMILES have limitations,  such as not
capturing 3D spatial information and being sensitive to varia-
tions in molecular representations [42-53].

Fingerprint  representations  are  also  common.  Many
studies have successfully used molecular fingerprints to rep-
resent ligands. Fingerprints are binary vectors representing
the  presence  or  absence  of  specific  substructures  within  a
molecule.  They  efficiently  capture  key  structural  features
and are suitable for similarity searching and ML tasks. For
instance, RFDT [54] utilizes the PubChem substructure fin-
gerprint  made  of  881  bits  [55]  to  represent  ligand  com-
pounds.  Wang  et  al.  (2021)  investigated  a  variety  of  pro-
tein-ligand  interaction  fingerprints  (IFPs)  for  BAP.  They
found  that  atom  pair  count-based  and  substructure-based
IFPs performed well in target-specific and generic scoring
tasks, demonstrating their potential for improving BAP accu-
racy [55]. However, fingerprint representations have limita-
tions, such as the possibility of not capturing all relevant sub-
structures  and  the  variation  in  encoding  schemes  between
different algorithms.

In addition to SMILES and fingerprints,  the molecular
graph  is  another  common format  for  representing  ligands.
They represent molecules as graphs, where nodes represent
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atoms and edges represent bonds. Molecular graphs offer an
advantageous format for ligand representation. They capture
both structural and topological information, allowing the in-
corporation of 3D spatial information. This format has been
employed in various proposed models, including DeepGL-
STM, GraphscoreDTA [56], DGraphDTA [57], and GraphD-
TA. While suitable for graph-based ML approaches, molecu-
lar graphs can be computationally expensive for processing
large molecules.

In addition to the three major formats mentioned above,
various other data formats are available for representing li-
gand compounds, each with advantages and disadvantages.
For instance, Pafnucy [58] utilized 3D coordinates, explicit-
ly capturing atomic positions in space. While this provides
detailed structural information, it demands substantial com-
putational resources.

4.4.2. Proteins Representation
Like ligand representation, various data formats and en-

coding schemes are used for proteins, including primary ami-
no  acid  sequences,  secondary  structures,  and  graphs.  Pro-
teins primary amino acid sequence is a fundamental repre-
sentation,  encoding the linear  arrangement  of  amino acids
forming the protein chain. This representation is widely em-
ployed due to its simplicity and direct connection to the ge-
netic code. In studies such as ML-DTI, DeepDTAF, Multi
PLI, and CAPLA, protein sequences are encoded using meth-
ods such as one-hot encoding, where each amino acid is rep-
resented as a binary vector. WideDTA, ColdDTA, and PCN-
N-DTA  [50]  employed  label  encoding,  assigning  each
unique amino acid a specific numerical label. While primary
sequences offer insights into the linear structure of proteins,
they  may  not  capture  the  spatial  relationships  crucial  for
binding interactions.

Secondary structure representations also provide informa-
tion  about  local  folding  patterns  in  proteins,  including  al-
pha-helices,  beta-sheets,  and  loops.  These  representations
are often derived from experimental methods like X-ray crys-
tallography  or  predicted  using  algorithms  such  as  DSSP
(Dictionary  of  Secondary  Structure  of  Proteins))  [59].  In
MAPL-FMP [38] and CAPLA, protein secondary structures
are calculated using the DSSP algorithm and incorporated
along  with  the  physicochemical  properties  of  residues  for
comprehensive protein representation.

For a more detailed and spatially aware representation,
proteins  can be  represented as  graphs.  In  GraphscoreDTA
and Lim et al. [60], the 3D structures of proteins were used
to  construct  protein  graphs,  where  nodes  represent  atoms
and  edges  represent  interactions.  This  representation  pre-
serves spatial relationships, contributing valuable informa-
tion for binding affinity prediction. However, working with
3D structures can be computationally demanding, especially
for large proteins.

In  addition  to  these  representations,  contact  maps  de-
rived from sequence alignment and predicted using methods
such  as  Pconsc4  are  utilized  in  ColdDTA,  DGraph-DTA,

and GSAML-DTA [61].  These maps capture residue-level
interactions, offering a different perspective on protein struc-
ture and function.

In summary, the choice of data format for compounds or
proteins depends on several factors, such as the desired level
of detail and the computational resources available. Unders-
tanding the various options and their trade-offs allows one to
choose the optimal representation for specific needs.

5. DEEP LEARNING MODELS FOR BAP
Selecting a suitable model becomes crucial after data pre-

processing  steps  and  appropriate  data  representation.  The
chosen  model  should  effectively  learn  feature  representa-
tions and extract valuable information to highlight the inter-
actions between compounds and proteins, consequently en-
abling accurate binding affinity prediction. DL has emerged
as a powerful tool in this domain, demonstrating the ability
to learn complex patterns from extensive datasets and pro-
vide  accurate  predictions.  Recent  publications  and  trends
suggest that DL models for BAP can be broadly classified
based on their chosen feature extraction and learning model.
Notably, CNNs, RNNs, GNNs, and transformer-based mod-
els  emerge  as  the  most  prevalent  choices.  This  section
delves into a detailed exploration of the application of these
models  to  BAP, with a  focus on their  respective strengths
and limitations.

5.1. CNN-based Models
CNNs are inspired by the human visual system [62] and

have proven highly effective in image processing [63-66].
They operate through convolutional, pooling, and fully con-
nected  layers,  learning  hierarchical  features  ranging  from
simple edges to complex patterns. Initially prominent in im-
age classification and object detection, CNNs have expand-
ed into chemogenomic methods by adapting to different data
types. To accommodate various data formats, 1D CNNs, 2D
CNNs, and 3D CNNs have evolved with specialized architec-
tures tailored to the nature of the input data.

5.1.1. 1D CNN
1D  CNN,  or  one-dimensional  convolution  neural  net-

work, is a fundamental building block in DL architectures
designed for sequential data processing. Tailored for one-di-
mensional sequences such as time series or text, 1D CNN op-
erates by sliding a filter or kernel along the input sequence,
capturing  local  patterns  and  relationships  within  the  data.
This ability to capture local patterns and dependencies in se-
quential data makes it valuable in various applications, in-
cluding speech recognition, sentiment analysis, and computa-
tional biology.

1D CNN has been extensively used for BAP because of
its suitability for sequential data such as compound SMILES
or protein amino acid sequences. In their work, Öztürk et al.
[39]  introduced  DeepDTA,  the  first  model  to  utilize  1D
CNN for leveraging raw sequence information, employing
SMILES  for  compounds  and  primary  sequences  for  pro-
teins. With its simple architecture in the Y shape using sim-
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ple  compound  and  protein  representations,  DeepDTA  de-
monstrated  improved  predictive  capabilities  compared  to
established baselines such as KronRLS [67] and SimBoost
[68].  Although  DeepDTA’s  studies  represent  a  significant
advancement in utilizing CNNs for molecular sequence rep-
resentation,  they  also  acknowledge limitations,  suggesting
exploring  alternative  approaches,  such  as  long  short-term
memory (LSTM), for more effective protein sequence repre-
sentation. Using the same model as DeepDTA, AttentionD-
TA [69] introduces a novel approach to drug-target interac-
tion prediction by incorporating an attention mechanism to
enhance binding affinity predictions. While maintaining the
use of the same protein and ligand representations as input,
AttentionDTA leverages the power of attention mechanisms
to focus on critical subsequences within proteins and drugs
selectively. The attention-based enhancements, coupled with
the use of 1D-CNN, lead to superior performance compared
to DeepDTA.

DeepDTAF [70] presented a comprehensive approach to
BAP by  integrating  diverse  input  representations  and  em-
ploying a 1D-CNN-based architecture. They integrated pro-
tein  sequences,  pocket  sequences,  and  protein  structural
properties. For input representation, the method employed la-
bel encoding for ligand SMILES and OneHot encoding for
amino acid sequences, resulting in rich and informative fea-
ture vectors. The proposed model architecture incorporated
dilated convolution for proteins and ligands while using tra-
ditional convolution for pocket sequences. The model em-
phasized  the  importance  of  both  local  and  global  features
and  highlighted  the  significance  of  capturing  interactions
within  binding  pocket  sequences  and  entire  protein  se-
quences.

Expanding  upon  the  character-based  DeepDTA  ap-
proach, WideDTA [46] introduces a word-based model for
representing protein and ligand sequences in BAP. Due to
the non-sequential nature of motifs and domains in protein
sequences, as well as the potential for overlapping residues
in both motifs and maximum common substructures (MCS),
they argue for the use of a word-based model over a charac-
ter-based model. Employing a 1D CNN architecture, the au-
thors integrated ligand SMILES, ligand maximum common
substructure (LMCS), protein sequences, and protein motifs
and domains as input features into the WideDTA model. Ma-
jumdar et al. [71] presented a 1D-CNN-based framework for
ligand prediction against the S-glycoprotein of SARS-CoV-
-2. The input representation involves the fusion of protein se-
quence composition descriptors (PSC) (Lee et al., 2019) and
ligand-extended connectivity fingerprints (ECFP4). PSC de-
scriptors  capture  essential  features  of  protein  sequences,
comprising amino acid composition (AAC), dipeptide com-
position (DC), and tripeptide composition (TC). Zhu et al.
(2023) introduced FingerDTA (X. Zhu et al., 2023), a finger-
print-embedding framework for BAP. Using 1D-CNN and
fully connected layers, FingerDTA integrates one-hot encod-
ed protein and ligand sequences with global information rep-
resented by fingerprints generated from the whole sequence
of drugs and ligands. In PCNN-DTA [50], the authors intro-
duce the pyramid network convolution drug-target binding

affinity, utilizing multiple 1D-CNN layers through a feature
pyramid network (FPN). PCNN-DTA incorporates a 1D-CN-
N-based architecture  within the FPN, allowing the extrac-
tion of hierarchical features from drugs and proteins repre-
sented as SMILES and primary sequences, respectively. The
bottom-up pathway of the FPN employs residual 1D-CNNs
to capture detailed information, while the top-down pathway
enhances representation with deconvolution layers. The use
of 1D-CNNs at various levels of the FPN enables the reten-
tion of both low-level and high-level information, contribut-
ing to improved binding affinity prediction accuracy.

While using readily available 1D representations such as
SMILES for ligands and primary sequences for proteins of-
fers certain advantages in computational efficiency and data
handling, its application in predicting protein-ligand binding
affinity comes with inherent limitations due to the complex
nature of the interaction. The reliance on string-based repre-
sentations may lead to the loss of crucial structural informa-
tion, compromising the models predictive accuracy and di-
minishing  the  functional  relevance  of  the  learned  latent
space. Additionally, proteins and ligands are not rigid enti-
ties; they exhibit conformational flexibility, adopting differ-
ent shapes that influence binding [72]. 1D models lack the
ability to account for this dynamic behavior, potentially over-
looking key conformations crucial for the interaction. These
limitations underscore the importance of exploring alterna-
tive  representations  that  better  capture  structural  informa-
tion, thereby enhancing the overall performance and inter-
pretability of BAP models.

5.1.2. 2D CNN
A two-dimensional convolutional neural network, com-

monly known as 2D CNN, is a DL architecture designed for
processing and analyzing structured grid data, such as im-
ages. Unlike its one-dimensional counterpart, the 2D CNN
operates on two-dimensional input data, allowing it to cap-
ture  spatial  hierarchies  and patterns  within  the  input.  This
type  of  neural  network  has  proven highly  effective  in  im-
age-related tasks due to its ability to recognize spatial rela-
tionships, edges, and hidden features. In BAP and molecular
analysis, 2D CNNs represent a significant advancement be-
yond  the  constraints  of  1D  representations.  They  excel  in
handling input features such as intermolecular descriptors,
structural information, and physicochemical properties, all
of which can be effectively represented in two dimensions.
This encompasses descriptors such as contact maps and evo-
lutionary information.

OnionNet  [73]  proposed  a  2D CNN for  BAP.  The  au-
thors  input  representation  relied  on  rotation-free  element-
pair-specific contacts grouped into distance ranges. This re-
sulted  in  a  dataset  with  3840  features  transformed  into  a
two-dimensional tensor to leverage the power of 2D CNNs.
Similarly, Wang et al. (2021) presented OnionNet-2, which
used 2D CNN to extract features from residue-atom contact-
ing  shells.  The  number  of  contacts  in  multiple  distance
shells  characterized  the  interactions  between  protein  resi-
dues and ligand atoms. Shim et al. (2021) introduced Sim-
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CNN-DTA [74]. The model applied a 2D CNN to the outer
product  of  column  vectors  derived  from  Tanimoto  and
Smith-Waterman similarity matrices for drugs and targets,
respectively.

The workflow involved calculating similarity matrices,
computing outer products, and utilizing a 2D CNN to extract
deep  features  and  predict  binding  affinities.  In  MDeePred
[75], a multichannel protein featurization approach for BAP
was  proposed.  The  authors  integrated  diverse  protein  fea-
tures, including sequence, structural, evolutionary, and physi-
cochemical  properties,  into  multiple  2D  vectors  to  create
comprehensive protein representations. MDeePred adopts a
proteochemometric approach, utilizing compound and target
protein features at the input level to model their interaction.
The proposed method leverages a 2D-CNN architecture for
the  target  protein  side,  where  protein  feature  matrices  are
fed as input channels. The compound side employs a feed-
forward neural network with circular molecular fingerprints
as input. The outputs of the protein-side CNN and the com-
pound-side neural network are combined in a pairwise-input
hybrid deep neural network, leading to the binding affinity
prediction.

The authors of MPS2IT-DTI [76] encoded molecule and
protein sequences into images for BAP. They converted the
molecules SMILES and amino acid sequences into matrices
of  numerical  values,  creating  unique  visual  signatures  for
each sequence.  The mapping process involved defining k-
mers  [77,  78],  creating  and  normalizing  counting  vectors,
and reshaping them into image matrices. Subsequently, the
deep neural network of MPS2IT-DTI employed a dual 2D-
CNN  for  both  molecule  and  protein  inputs  to  predict  the
binding affinity.

Although 2D CNNs have demonstrated promising out-
comes  in  various  proposed models,  they  also  have  certain
drawbacks. One significant drawback arises from their inher-
ent design, which is focused on 2D grids, potentially hinder-
ing  their  ability  to  fully  capture  the  spatial  complexity  of
three-dimensional  intermolecular  structures  between  pro-
teins and ligands. The projection onto 2D grids may result in
the loss of crucial spatial information critical for understand-
ing molecular  interactions.  Furthermore,  in  contrast  to  1D
CNNs, 2D CNNs are not well suited for modeling sequential
dependencies in proteins and ligands, which are essentially
composed of amino acids and atoms [79]. These networks
might  inadequately  capture  long-range  dependencies  that
may be essential for accurate predictions. Additionally, the
performance of 2D CNNs is highly sensitive to the chosen
input representations, such as molecular descriptors or fea-
tures [80]. Inaccurate or insufficiently informative input rep-
resentations can impede the models ability to discern rele-
vant patterns, affecting its predictive accuracy.

5.1.3. 3D CNN
In contrast to 1D and 2D CNNs, 3D CNNs can leverage

the  three-dimensional  structural  information  of  molecular
complexes. Here, intermolecular structures are transformed
into  3D  grids  or  voxel  representations.  Each  voxel  corre-

sponds to a specific region in three-dimensional space. Th-
ese grids effectively contain crucial  information regarding
the spatial arrangement of atoms, their properties, and their
interactions.

Employing a 3D grid representation for molecular com-
plexes, Pafnucy [58] utilized a 3D CNN architecture to ex-
tract spatial features. The input, structured as a 4D tensor, in-
corporated cartesian coordinates and atom feature vectors.
Pafnucy surpassed classical scoring functions, including the
X-Score  [81],  when  evaluated  on  benchmark  datasets  like
the PDBbind core set 2013 and Astex [82]. Pafnucy unders-
cores the effectiveness of 3D CNNs in directly learning rele-
vant features from the structural information of the complex-
es.

KDEEP [83] adopted a 3D CNN architecture inspired by
SqueezeNet,  tailored  for  3D  convolution  tasks.  The  net-
works design simplified depth due to constraints related to
training sample size and image resolution while maintaining
other architectural aspects, including the use of rectified lin-
ear units (ReLUs) as activation functions. In KDEEPs input
representation, descriptors adapted from prior work are used
to  represent  proteins  and  ligands.  The  representation  in-
volves a 3D voxel scheme based on the van der Waals ra-
dius for each atom type, encompassing properties such as hy-
drophobicity, hydrogen bonding, aromaticity, and ionizabili-
ty.

In Sfcnn [84],  the authors adopted a concise featuriza-
tion method, representing the protein-ligand complex with a
3D grid or 4D tensor. Unlike Pafnucy and KDeep, Sfcnn’s
approach simplifies atom featurization, extracting only basic
atomic type information. The 3D CNN architecture was de-
signed to handle the transformed input, and the model was
evaluated on various datasets, outperforming other scoring
functions. The authors highlighted the interpretability of the
model  through  Grad-CAM,  making  intermediate  layers  of
the neural network more understandable.

DeepAtom [85]  utilized  a  3D-CNN architecture  to  ex-
tract binding-related atomic interaction patterns from voxel-
ized complex structures. The input representation in DeepA-
tom consisted of rasterizing protein-ligand complexes into a
3D grid box centered on the ligand. Each voxel in the grid
box  contains  several  input  channels  representing  different
raw information of atoms located around the voxel. The au-
thors employed a lightweight 3D-CNN model to hierarchical-
ly extract useful atom interaction features supervised by the
binding  affinity  score.  The  model  architecture  comprised
three  building  blocks:  the  atom  information  integration
block,  the stacked feature extraction block,  and the global
affinity regression block. The atom information integration
block utilizes a pointwise convolution layer and a 3D max
pooling layer to fuse atom information across different chan-
nels and increase translational invariance.

Inspired by the ResNext architecture, AK-Score [86] em-
ployed an ensemble of 3D-CNN models, demonstrating im-
proved  prediction  accuracy  compared  to  previous  models.
The network architecture comprised 15 stacked layers of an
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ensemble-based residual  layer  (RL) block.  Each RL block
consisted of three stacks of convolutional layers: batch nor-
malization, rectified linear unit (ReLU) activation, and resid-
ual summation, facilitating parallel processing of the input
tensors.

Limited generalization due to the scarcity of high-quality
and unbiased labelled data poses a significant challenge for
3D CNNs in BAP [87, 88]. The available datasets may not
adequately represent the diverse landscape of PLIs. Conse-
quently, models trained on such data may struggle to general-
ize well on unseen protein-ligand pairs, hindering their pre-
dictive accuracy and real-world applicability [89].

Moreover, the memory usage and the computational cost
required for  3D CNNs add another  layer  of  complexity to
the BAP. The computational demands of these voxel-based
approaches escalate rapidly with spatial resolution, leading
to significant memory usage and computational costs [90].
As a result, the computational overhead associated with 3D
CNNs may limit their scalability and practical utility, particu-
larly in high-throughput screening scenarios where efficien-
cy  is  paramount.  Table  2  presents  the  summary  of  CN-
N-based  models  for  BAP.

5.2. RNN-based Models
A Recurrent Neural Network (RNN) [31] is a neural net-

work  architecture  designed  to  process  sequential  data  by
maintaining  hidden  states  that  capture  dependencies  be-
tween elements in the sequence. Unlike traditional feedfor-
ward neural networks, RNNs have feedback loops that allow
information  to  persist  over  time,  making  them well-suited
for tasks where the order of elements matters, such as natu-
ral  language  processing,  time  series  analysis,  and  speech
recognition. This architecture offers several advantages over
CNNs, including temporal dependency modeling, adaptabili-
ty to variable-length sequences, adaptive feature extraction
from sequential  data,  and computational efficiency. RNNs
and their variants have been extensively used in computatio-
nal biology for tasks ranging from sequence analysis [32] to
structure prediction [33-35].

5.2.1. LSTM-based Models
To address  the  vanishing gradient  problem that  occurs

when  training  standard  RNNs on  long  sequences,  special-
ized variants such as long short-term memory (LSTM) net-
works were introduced. As shown in Eq. (2), the LSTM unit
updates its cell state. ct and hidden state ht based on the cur-
rent input xt, the previous hidden state ht-1, the previous cell
state  ct-1,  and  the  gating  mechanisms.  This  mechanism al-
lows the LSTM to retain information over long sequences
and excel in tasks reliant on long-term dependencies.

                                             (2)
  

In DeepCDA [6], LSTM is utilized as part of the model
architecture to predict the binding affinity of compound-pro-

tein pairs. The LSTM network is combined with CNN layers
to  learn  representations  of  both  compounds  and  proteins.
The raw protein sequences and compound SMILES strings
are  initially  fed  into  the  model  as  inputs.  Subsequently,
CNN is used to extract mid-level features hierarchically be-
fore  passing  them  to  the  LSTM,  which  encodes  the  se-
quences dependencies. Additionally, the model incorporates
a two-sided attention mechanism to capture the interaction
strength between each protein  substructure  and compound
substructure pair. Meanwhile, the authors of DGDTA [36]
modified the GraphDTA model for BAP by introducing a tri-
ple-channel model in which LSTM was used to encode the
proteins features.

DeepGLSTM [9] integrated a graph convolutional net-
work (GCN) and bidirectional long short-term memory (Bi-
LSTM) layers to predict the binding affinity between FDA-
approved  drugs  and  viral  proteins  of  SARS-CoV-2.  The
GCN layers processed drug compounds while the Bi-LSTM
layer processed the protein sequences, leveraging its bidirec-
tional nature to capture temporal dependencies effectively.

5.2.2. GRU-based Models
Another  variant  is  the  Gated  Recurrent  Unit  (GRU),

which simplifies the LSTM architecture by combining the
forget  and input  gates  into  a  single  update  gate.  GRU has
been shown to be effective for BAP. To overcome the draw-
backs associated with the loss of crucial compound informa-
tion observed in GCN-based models, Wang et al. introduced
SSGraphCPI  [37],  a  three-channel  DL  framework.  SS-
GraphCPI integrates a seq2seq model based on a GRU with
an attention mechanism and graph convolutional neural net-
works (GCNNs). By leveraging GRU-based seq2seq archi-
tecture, the model translates input sequences into fixed-di-
mension vectors termed Thought Vectors, thereby enabling
the  effective  representation  of  compound  and  protein  fea-
tures.  In  GDGRU-DTA  [38],  the  authors  proposed  to  en-
hance the GraphDTA model by incorporating the gated re-
current unit (GRU) and bidirectional gated recurrent unit (Bi-
GRU)  for  interpreting  protein  sequences.  The  integration
aimed  to  capture  long-term  dependencies  in  protein  se-
quences  more  effectively.  ResBiGAAT  incorporated  both
physicochemical  properties  and sequence-level  features  of
proteins  and  ligands  to  enhance  prediction  accuracy.  The
model employed a multi-layered Residual Bi-GRU coupled
with two-sided self-attention mechanisms to capture long-
term dependencies within sequences, achieving competitive
performance in predicting the binding affinity.

The inherent drawback of the RNN-based models lies in
their  limited  feature  representation  of  proteins  and  com-
pounds. As a result, they may fail to capture all aspects of
PLIs that influence binding affinity. The lack of comprehen-
sive representation can hinder their ability to predict binding
affinity in real-world scenarios accurately. Furthermore, th-
ese models often suffer from a lack of generalizability, mak-
ing them less practical for applications in predicting binding
affinity.
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Table 2. CNN-based methods for BAP.

   Models
   Ligand Input
Representation

   Protein Input
Representation

   Ligand and Protein
Feature Learning

   Comment

DeepDTA

    [8]

   Lebel encoding of

SMILES

   Lebel encoding of AA

seq

   L: 1D CNN

   P: 1D CNN
   No attention mechanism

AttentionDTA

    [15]

   Lebel encoding of

SMILES

   Lebel encoding of AA

seq

   L: 1D CNN

   P: 1D CNN

   Additional two-side multi-head attention

mechanism

HyperAttentionDTI [91]
   Lebel encoding of

SMILES

   Lebel encoding of AA

seq

   L: 1D CNN

   P: 1D CNN

   Attention vector for each amino acid-atom

pair

CAPLA

    [13]

   one-hot encoding of

SMILES

   one-hot encoding of AA

seq + SSE + PP

   L: 1D CNN

   P: 1D CNN

   Added protein-binding pocket AA seq the

SSE

DeepDTAF

    [17]

   Lebel encoding of

SMILES

   one-hot encoding of AA

seq + SSE + PP

   L: dilated convolution

   P: dilated convolution

   Integration of protein-binding pocket and

structural properties

WideDTA

    [5]

   Lebel encoding of

SMILES + LMCS

   Lebel encoding of AA

seq + Protein motifs and do-

mains

   L: 1D CNN

   P: 1D CNN
   Combined 4 sequential features

[18]    ECFP4    PSC
   L: 1D CNN

   P: 1D CNN

   The 8420-dimensional feature vector for

each protein sequence

DeepLPI

    [19]
   Mol2Vec    ProSE

   L: 1D CNN

   P: 1D CNN
   CNN combined with LSTM

DeepCDA

    [6]
   SMILES    Protein n-gram

   L: 1D CNN

   P: 1D CNN
   CNN combined with LSTM

FingerDTA

    [20]

   one-hot encoding of

SMILES + ECFP

   one-hot encoding of AA

seq + Target fingerprint

   L: FC + 1D CNN

   P: FC + 1D CNN

   Used 3 dense convolution blocks of 1D

CNN

PCNN-DTA

    [12]

   Lebel encoding of

SMILES

   Lebel encoding of AA

seq

   L: Residual 1D CNN

   P: Residual 1D CNN

   Integration of double-sided MultiHead at-

tention into a pyramid network

OnionNet

    [21]
   RFEPSC    RFEPSC

   L: 2D CNN

   P: 2D CNN

   Contacts are grouped into different dis-

tance ranges.

OnionNet-2
   Atom residues of com-

plexes

   Atom residues of com-

plexes

   L: 2D CNN

   P: 2D CNN
   168 residue-atom combinations per shell

SimCNN-DTA

    [22]
   drug similarity matrix    protein similarity matrix

   L:2D CNN

   P:2D CNN

   Similarity-based on the Tanimoto coeffi-

cient and normalized Smith-Waterman score

MDeePred

    [23]
   ECFP4

   structural + evolutionary

+ PP

   L: FFN

   P: 2D CNN

   1024-dimensional ECFP4 fingerprint gener-

ated from ligand SMILES

MPS2IT-DTI

    [24]
   Molecule image    Protein image

   L: 2D CNN

   P: 2D CNN

   Treated drugs and protein sequences as 2D

images

Pafnucy [25]    3D atomic coordinate of 19 channels
   L: 3D CNN

   P: 3D CNN

   The complex was cropped to a 20-Å cubic

box centered on the ligands geometric mid-

point.

KDEEP

[26]
3D grid of 16 channels

   L: 3D CNN

   P: 3D CNN

   Van der Waals radius was employed for

each atom type.

Sfcnn

[27]
3D grid of 28 channels

   L: 3D CNN

   P: 3D CNN

   Atoms in protein-ligand complexes were

grouped into 28 categories

DeepAtom

[28]
3D grid of 24 channels

   L: 3D CNN

   P: 3D CNN
   11 Arpeggio atom types were used

AK-Score

[29]
3D grid of 16 channels

   L: 3D CNN

   P: 3D CNN

   Van der Waals radius was employed for

each atom type.

SE-OnionNet

[30]
3D grid of 64 channels

   L: 3D CNN

   P: 3D CNN

   Eight element types were chosen to charac-

terize ligand-protein contacts
Abbreviations: L: ligand; P: Proteins; ECFP: Extended-connectivity fingerprints; AA seq: Amino acid sequence; SSE: Secondary structure; PCS: protein sequence composition;
RFEPSC: rotation-free element-pair-specific contacts; LMCS: ligand max common substructure; PP: physicochemical properties; ProSE: protein sequence embedding.
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5.3. Transformer-based models
Transformers,  including  variants  like  BERT and  GPT,

are  renowned  for  their  effectiveness  in  sequence-to-se-
quence tasks, such as machine translation and text genera-
tion [39]. Transformers recently gained traction in biomedi-
cal and pharmaceutical research, including drug discovery.
They have been successfully applied in various tasks such as
molecular property prediction [40-42], protein structure pre-
diction,  sequence  analysis  [43-45],  and  genome  analysis
[46-48].

Hu et al. [49] combined a transformer and a graph atten-
tion network (GAT) to reduce data sparseness and computa-
tional  costs  while  achieving  better  accuracy.  The  Trans-
former  encoder  processed  the  protein  sequence,  while  the
GAT handled the protein contact map and drug embeddings.
This approach enabled the model to effectively capture the
structural information of proteins and drugs, leading to im-
proved  performance  compared  to  traditional  methods.
TranDTA [50] investigated BAP through diverse protein in-
put feature techniques, including UniRep [51], ProtBert, and
ProtAlbert  [52].  Compound  drugs  were  represented  using
molecular fingerprints and RoBERTa-encoded SMILES se-
quences  [53].  The  authors  found that  using  ProtAlbert  for
protein representation and molecular fingerprint representa-
tion  for  drugs  produced  optimal  results.  DTITR  [54]  em-
ployed two parallel Transformer-Encoders for proteins and
compounds, incorporating self-attention and cross-attention
layers to predict binding affinity effectively. In PLAPT [55],
the authors leveraged transfer learning from pretrained trans-
formers such as ProtBERT [52, 56], and ChemBERTa [57],
utilizing  protein  primary  sequences  and  SMILES notation
for ligands. The approach enabled them to achieve high accu-
racy while minimizing computational resources, highlight-
ing the importance of utilizing pretrained models in computa-
tional drug discovery.

While  transformers  offer  significant  advantages  over
CNN models in capturing complex patterns, there are some
constraints  inherent  to their  architecture and functionality.
Transformer-based models typically require large amounts
of labeled data for effective training. However, obtaining la-
beled data  for  compound-protein  interactions  can be  chal-
lenging and may limit the models ability to generalize well
to  unseen  interactions  or  compounds.  Furthermore,  trans-
formers may struggle to generalize effectively across diverse
compound-protein interaction datasets  due to variations in
compound  structures,  protein  conformations,  and  binding
affinities.  Differences  across  datasets  can  pose  significant
challenges  for  transformers  in  learning  robust  representa-
tions that generalize across different domains. Additionally,
transformers, especially large-scale models like ProtBert and
ProtAlbert, are computationally intensive and require subs-
tantial resources for training and inference. The complexity
can pose challenges in terms of computational cost and scala-
bility,  particularly  for  large  datasets  or  real-time  applica-
tions.

5.4. Graph-based Models
Graph  neural  networks  (GNNs)  [58]  have  emerged  as

powerful tools in drug discovery and computational biology,
particularly in binding affinity prediction. Traditional meth-
ods  often  rely  on  sequence-based  or  structure-based  ap-
proaches,  which  may  overlook  molecular  interactions  and
fail to capture the complex relationships between molecules.
GNNs offer a unique advantage by enabling the representa-
tion of molecular structures as graphs, where atoms or resi-
dues serve as nodes and chemical bonds or interactions as
edges. The graph-based representation allows GNNs to cap-
ture the spatial and functional relationships between atoms
or residues more effectively, thus enhancing the accuracy of
binding affinity prediction.

In terms of input representation, some authors represent
only drug molecules as a graph while maintaining the pri-
mary  sequences  of  the  target  proteins.  Examples  include
GraphDTA [4], DeepGLSTM [9], GDGRU-DTA [38], Deep-
GS [59], and EmbedDTI [60]. In these approaches, the drug
molecules are represented as graphs to capture their structu-
ral features, while the primary sequences of the proteins are
processed  separately  to  extract  relevant  information.  Con-
versely, some authors represent drug molecules and the tar-
get proteins as graphs. Examples include Dgraph-DTA [61],
X-DPI  [62],  and  WGNN-DTA  [63].  These  methods  con-
struct graphs for both the drug molecule and the protein, al-
lowing for the integration of structural and interaction infor-
mation from both entities.

Various GNNs have been proposed to address the com-
plexities inherent in BAP. Among these models is the Graph
Attention Networks (GAT), which assign varying weights to
neighboring nodes, enabling focused attention on important
features during message passing. DGDTA [36] introduced a
dynamic graph attention network combined with Bi-LSTM
to enhance binding affinity prediction (BAP). The model in-
tegrated dynamic graph attention by representing drug com-
pounds as graphs and proteins as 1D sequences to capture
important  features  from  drug  graphs.  Additionally,  Bi-L-
STM processed protein sequences to extract contextual infor-
mation. By integrating 3D structural information of proteins
with  2D  graph  representations  of  ligands,  PSG-BAR  [64]
employed a residual graph attention network to predict bind-
ing affinity effectively. Their approach enhances the models
predictive capabilities by leveraging both the protein struc-
tures  and  molecular  graph  features  of  ligands,  offering  a
comprehensive understanding of the complex PLIs.

Another prominent graph architecture used in BAP is the
graph convolutional network (GCN) [65], which applies con-
volutional operations on graph-structured data to aggregate
information from neighboring nodes. GCNs excel at captur-
ing local structural features within molecular graphs, provid-
ing insights into the complex relationships between atoms or
residues. To reduce the computational cost associated with
utilizing  3D  voxelized  grid  cubes,  Son  et  al.  proposed  a
graph convolutional neural network termed GraphBAR [66].
Their model employs a graph convolutional network convert-
ing binding complexes into graphs with the binding site de-
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termined by the distance between ligands and proteins. APM-
Net  [67]  introduced  a  cascade  graph  convolutional  neural
network model for binding affinity prediction. The architec-
ture incorporates graph convolutional layers, including AR-
MA [68] and MPNN, to capture molecular graph features ef-
fectively  and  improve  predictive  performance.  In  GCAT
[69],  the  attention-enhanced  graph  cross-convolution  net-
work was employed as the model architecture for exploring
the binding affinity between drugs and proteins based on the
atomic arrangement in three-dimensional space. GCAT con-
sisted of a cross-convolution, which simulated interactions
between the protein and the drug through an aggregate-up-
date mechanism and self-attention pooling, utilized for gen-
erating graph-level representations.

In  addition,  graph  isomorphism  networks  (GIN)  [70]
have also proven to be efficient in BAP by learning graph
representations  invariant  to  node  ordering.  GINs  employ
message-passing schemes to iteratively update node embedd-
ings, enabling robust modeling of complex molecular struc-
tures. Their ability to capture variations in molecular config-
urations  makes  them  well-suited  for  predicting  binding
affinities  and  elucidating  the  underlying  mechanisms  of
molecular  interactions.  GIN  was  proven  effective  in  the
GraphDTA [4]  study,  demonstrating  the  best  performance
across the Kiba and Davis datasets compared to GCN and
GAT.  Table  3  presents  a  comprehensive  list  of  various
GNNs introduced to  predict  binding affinity  between pro-
teins and ligands efficiently.

Table 3. Graph-based models for BAP.

Models Ligand Input Representation Protein Input Representation Ligand Feature
Learning

Protein Feature
Learning

GraphDTA
[4]

Molecular graph one-hot encoding of AA seq GCN\GAT\GIN\GATGCN CNN

DeepGLSTM [9], Molecular graph Lebel encoding of AA seq Multiblock GCN Bi-LSTM

GDGRU-DTA
[38],

Molecular graph Lebel encoding of AA seq GNN GRU/BiGRU

EmbedDTI
[60]

Atom graph and substructure
graph

AA seq GCN with attention 1D CNN

DeepGS
[59]

Molecular graph + Smi2Vec Prot2Vec GAT + BiGRU CNN

Dgraph-DTA
[61]

Molecular graph Protein graph GCN GCN

X-DPI
[62]

Molecular graph + Mol2vec
embedding

Protein graph + TAPE embedding GCN GCN

WGNN-DTA
[63]

Molecular graph Weighted protein graph GCN/GAT GCN/GAT

DGDTA
[36]

Molecular graph Lebel encoding of AA seq Dynamic GAT + GCN Bi-LSTM + CNN

PSG-BAR
[64]

Molecular graph Protein graph Residual GAT Residual GAT

GraphBAR
[66]

Binding complexes graph Binding complexes graph Multiblock GCN Multiblock GCN

APMNet
[67]

Binding complexes graph Binding complexes graph GCN GCN

LGN
[71]

Molecular graph + IFP Complexes graph GIN GNN

PLANET
[72]

Molecular graph Protein graph GNN EGCL

GraphscoreDTA
[73]

Molecular graph Protein graph + Interaction Graph GNN-GRU GNN + GNN-GRU

GraphATT-DTA
[74]

Molecular graph Lebel encoding of AA seq GNN(GAT/GIN/GCN/MPNN/DMPNN) 1D CNN

AttentionMGT-DTA [75] Molecular graph Protein graph Graph transformer Graph transformer

GLCN-DTA
[76]

Molecular graph Protein graph GLCN GLCN

IEDGEDTA [77] Molecular graph Protein graph Edge-GCN 1D-GCN

SAG-DTA
[78]

Molecular graph Lebel encoding of AA seq GCN 1D CNN

Abbreviations: AA seq: Amino acid sequence; GNN — graph neural network; MLP — multilayer perceptron; GCN: graph convolutional network; GAT: graph attention network;
GIN: graph isomorphism network; CNN: convolutional neural network; FC: fully connected layer; GRU: gated recurrent unit; EGCL: Equivariant graph convolutional layer, MPNN:
message passing neural network, IFP: interaction fingerprint; GLCN: Graph learning convolutional network.
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5.5. Emerging Deep Learning Methods for BAP
In  addition  to  GNNs  and  transformers,  several  other

emerging DL techniques are being explored for BAP. Some
of these include Transfer learning and Reinforcement learn-
ing.

Transfer learning techniques leverage pre-trained models
or knowledge from related tasks to improve CPI prediction
performance, particularly in limited labelled data contexts.
By transferring knowledge from tasks with abundant data to
tasks with sparse data, transfer learning enhances model gen-
eralizability  and  prediction  accuracy.  [92-140]  explored
deep transfer learning to predict drug-target interactions for
understudied proteins, showing superior performance for da-
tasets with fewer than 100 compounds compared to training
from scratch. In [141], A3C, a novel reinforcement learning
technique, notably improved protein-ligand docking predic-
tions for single and multi-atom ligands compared to a basic
model. Extension of this approach to binding affinity predic-
tion could yield improved performance.

Another  emerging  method  is  the  capsule  networks,
which offer an alternative approach to traditional CNNs by
representing hierarchical structures within data. Capsule net-
works have shown promise in capturing spatial relationships
and  hierarchical  features  in  molecular  structures,  making
them  suitable  for  CPI  prediction  [142].  introduced  CapB-
M-DTI, combining capsule networks with pre-trained BERT
for target protein sequence extraction and MPNN for com-
pound graph feature extraction, showing good performance
and  applicability  in  virtual  screening,  including  for
COVID-19 treatment. Despite not directly treating binding
affinity as a regression task, these emerging methods show
potential for application in binding affinity prediction.

Furthermore, Meta-learning and Few-shot learning meth-
ods are gaining attention in the context of CPI. The authors
of MetaDTA proposed Meta-learning, a technique focused
on developing models that can quickly adapt to new tasks or
domains  based  on  previous  experiences.  MetaDTAs  ap-
proach leverages Attentive Neural Processes (ANPs) to mod-
el binding affinities for each target protein as a regression
function of compounds, demonstrating superior performance
even with limited data availability [143-151].

On the other hand, ZeroBind authors proposed Few-shot
learning,  where  models  are  trained  to  generalize  from  a
small  number  of  labeled  examples  [152].  ZeroBinds  pro-
tein-specific zero-shot predictor utilizes subgraph matching
for  drug-target  interactions,  achieving  remarkable  perfor-
mance, especially for unseen proteins and drugs, and show-
casing adaptability even with limited prior information. Inte-
grating these approaches into the landscape of BAP methods
could lead to further  improvements  in predictive accuracy
and generalizability, particularly for underrepresented pro-
teins.

6. CHALLENGES AND FUTURE DIRECTIONS FOR
BAP

Despite significant advancements, several challenges per-

sist, including data quality and availability, model complexi-
ty, interpretability and explainability.

6.1. Data Quality
While the quantity of available datasets has increased, en-

suring their quality remains a persistent challenge. Achiev-
ing accurate predictions in BAP heavily relies on the quality
and quantity of available datasets [143]. The challenge lies
in obtaining comprehensive datasets encompassing a diverse
range  of  molecular  interactions.  The  need  for  more  high-
-quality data, particularly for specific protein-ligand pairs or
underrepresented classes, hampers the ability to train models
that generalize well across different independent test sets.

6.2. Model Complexity
Deep learning models, while powerful in their predictive

capabilities, often exhibit high levels of complexity. For ins-
tance,  when  using  a  3D  voxel  grid  representation  of  pro-
tein-ligand  complexes  to  train  a  3D  CNN,  the  number  of
trainable parameters scales with factors like grid size, num-
ber of channels per voxel, and the complexity of the convolu-
tional  layers.  The  dimensions  of  the  voxel  grid  determine
the input size, with larger and higher-resolution grids result-
ing in more input features and, subsequently, more trainable
parameters.

Similarly, in GNN, the size of the molecular graph, deter-
mined by the number of atoms and interactions, influences
the model complexity. The chosen GNN architecture, includ-
ing  the  number  of  layers,  message-passing  functions,  and
hidden feature dimensions, also contributes to the total train-
able parameters. Simpler GNN architectures with fewer lay-
ers and lower dimensions can enhance computational effi-
ciency. Notably, research suggests that effective GNN mod-
els  can  achieve  good  performance  with  a  relatively  small
number of parameters [144], making them potentially more
scalable  for  practical  applications  compared  to  3D  CNNs
with larger parameter sizes associated with voxel grids.

6.3. Interpretability and Explainability
Many DL models used for BAP are complex and act as

black boxes. Understanding how they arrive at a specific pre-
diction can make the model trustworthy and help to identify
potential biases. PLIs involve complex 3D structures and nu-
merous  physicochemical  properties.  Capturing  these  com-
plexities  often  leads  to  high-dimensional  data  representa-
tions  that  are  challenging  to  interpret  directly.  Attention
mechanisms can highlight specific regions of the protein or
ligand that the model focuses on for prediction. This can pro-
vide clues about the interatomic interactions driving binding
affinity. However, it comes at the cost of making the model
more computationally expensive and adding more learnable
parameters.

Some emerging techniques, such as Grad-CAM (Gradi-
ent-weighted Class Activation Mapping) [145], can help vi-
sualize the areas of a protein structure most influential for
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the models prediction [84, 86]. The visual heatmap can offer
insights into the spatial patterns the model considers impor-
tant. Similarly, the LIME [146] and SHAP [147] techniques
can be applied to understand how individual features con-
tribute to specific predictions or the overall model behavior.
Even  if  the  feature  that  contributed  to  the  prediction  is
known, it is still necessary to understand how it contributed.
Hence, it is necessary to make the models more explainable.
This underscores the ongoing efforts in the scientific commu-
nity to develop explainable models tailored to the complexi-
ty of BAP.

6.4. Integration of Computational and Experimental Ap-
proaches

Recent  research  efforts,  particularly  in  the  context  of
COVID-19, underscore the practical impact of computation-
al  methods in drug discovery.  For example,  at  the Experi-
mental  Drug Development Centre (EDDC), computational
molecular modeling was employed to screen a large library
of FDA-approved drugs against the SARS-CoV-2 main pro-
tease (3CLpro) [ 148 ]. This approach led to the identifica-
tion  of  47  promising  candidates  based  on  their  computed
binding affinities, which were then experimentally validat-
ed. Several drugs, including boceprevir and ivermectin, de-
monstrated significant  inhibitory effects  on 3CLpro,  high-
lighting  how  computational  predictions  can  effectively
guide experimental drug development. This underscores that
while  computational  methods  are  invaluable  in  narrowing
down  potential  drugs,  they  are  most  effective  when  com-
bined with experimental approaches to confirm therapeutic
efficacy and safety.

6.5. Shifts in BAP Modeling
There  has  been  a  noticeable  shift  in  the  paradigm  for

BAP, with graph neural networks emerging as the trending
architecture. This transition signifies a move from the con-
ventional use of convolutional neural networks toward adopt-
ing graph neural networks. The unique ability of GNNs to ef-
fectively  model  complex  relationships  within  molecular
structures has positioned them as a preferred choice in BAP,
reflecting the continuous evolution and exploration of inno-
vative GNN architectures in computational biology. Future
directions could focus on further enhancing the capabilities
and  applications  of  GNNs for  BAP.  One  potential  avenue
for  exploration  involves  refining  GNN architectures  to  be
more explainable and interpretable. This would address the
challenge of understanding how GNNs arrive at specific pre-
dictions, thus increasing trust in the models and facilitating
their adoption in practical settings.

In  addition  to  interpretability,  it  is  essential  to  ensure
that GNNs remain computationally efficient in terms of time
and  resources  without  compromising  model  performance.
Optimizing GNN architectures and training procedures can
help mitigate computational burdens while maintaining pre-
dictive accuracy, enabling widespread adoption across vari-
ous computational biology applications.

Future directions should focus on refining data splitting
strategies  and model  assessment  techniques to address the
challenges of imbalanced affinity value distributions and da-
taset  representativeness.  By  considering  protein  and  com-
pound similarity  and affinity  value distribution during da-
taset splitting, researchers can ensure the creation of repre-
sentative sets of protein-ligand pairs and prevent the overesti-
mation  of  DL  models.  This  comprehensive  approach  en-
hances model robustness, generalizability, and practical ap-
plicability  in  BAP  tasks.  Additionally,  Generative  models
have the potential to revolutionize BAP prediction by facili-
tating de novo ligand design and data augmentation. By gen-
erating  novel  molecular  structures  with  optimized binding
properties, thus expanding the chemical space available for
exploration, these models can improve the generalizability
and optimize the BAP algorithm. NeuralPLexer [149] is  a
valuable example, which predicts 3D structures of protein-li-
gand complexes, which is particularly beneficial for proteins
with limited experimental data. Moreover, the integration of
protein structural information beyond the binding pocket in-
to BAP models holds significant potential. Exploring the in-
fluence of allosteric sites and distant protein regions on li-
gand binding can provide valuable insights into drug design.

The reliability and consistency of the experimental mea-
surements in the datasets should be ensured. More precisely,
there is a need to address multiple binding affinity reports
for the same protein-ligand pair. Sometimes, the same pro-
tein-ligand  complex  may  have  reported  different  binding
affinity values. The problem can arise from various factors,
including experimental conditions, measurement techniques,
or data curation practices. A strategy for handling multiple
affinity reports must be devised to address these inconsisten-
cies. Options include selecting a representative value, consid-
ering a range, or employing consensus methods. The ratio-
nale behind the chosen approach should be clearly document-
ed to maintain transparency.

Duplicate entries should be appropriately addressed. Du-
plicate  entries  can  introduce  biases  and  affect  the  models
generalizability by over-representing certain instances. Iden-
tifying and removing duplicate entries  from the integrated
dataset is essential to maintaining data integrity and prevent-
ing biases. This can be achieved by utilizing common identi-
fiers, such as PDB IDs, UniProt IDs, or compound IDs, to
match and eliminate redundant records.

Finally,  recent studies have highlighted the efficacy of
Voronoi entropy as ligand molecular descriptors. The inno-
vative approach, as demonstrated by Sergey et al. [150], em-
phasizes the importance of integrating advanced molecular
descriptors into predictive models to enhance accuracy and
insight. Future research could explore the synergies between
GNNs and Voronoi entropy, leveraging the unique capabili-
ties of both approaches to improve binding affinity predic-
tion models.
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CONCLUSION
In  conclusion,  this  survey  provides  a  comprehensive

overview of various preprocessing steps and deep learning
models for predicting the interaction strength between pro-
teins and ligands.  Additionally,  our  analysis  of  commonly
used datasets offers insights into the diverse properties of th-
ese  data,  such  as  molecular  weights,  length  of  sequences,
and the octanol-water partition of proteins and ligands. The
state-of-the-art approach for BAP currently relies on GNN.
However, despite their effectiveness, GNNs still require fur-
ther  efforts  for  interpretability  and  explainability.  Moving
forward, exploring additional avenues, such as generative AI
and incorporating new molecular descriptors, is essential to
enhance the predictive performance of DL models for BAP.
Our work serves as a valuable starting point for both new re-
searchers entering the field of protein-ligand binding affinity
and experienced researchers. It offers guidance on dataset ex-
ploration, best practices, and effective model building while
highlighting and addressing the challenges encountered.
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