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GraphBAN: An inductive graph-based
approach for enhanced prediction of
compound-protein interactions

Hamid Hadipour1, Yan Yi Li 2, Yan Sun1,3,4, Chutong Deng3, Leann Lac1,
Rebecca Davis5, Silvia T. Cardona 6,7 & Pingzhao Hu 1,2,3,4,8

Understanding compound-protein interactions is crucial for early drug dis-
covery, offering insights intomolecularmechanisms andpotential therapeutic
effects of compounds. Here, we introduce GraphBAN, a graph-based frame-
work that inductively predicts these interactions using compound and protein
feature information. GraphBAN effectively handles inductive link predictions
for unseen nodes, providing a robust solution for predicting interactions
between entirely unseen compounds and proteins. This capability enables
GraphBAN to transcend the constraints of traditional methods that are typi-
cally limited to known contexts. GraphBAN employs a knowledge distillation
architecture through a teacher-student learning model. The teacher block
leverages network structure information, while the student block focuses on
node attributes, enhancing learning and prediction accuracy. Additionally,
GraphBAN incorporates a domain adaptation module, increasing its effec-
tiveness across different dataset domains. Empirical tests on five benchmark
datasets demonstrate that GraphBAN outperforms ten baseline models, while
a case study analysis with the Pin1 protein further supports the model’s
effectiveness in real world scenarios, making it as a promising tool for early
drug discovery.

Drug discovery is the process of selecting, modifying, and advancing
chemical molecules into therapeutic agents1. To discover potential
drug candidates for target diseases, it is fundamental to identify che-
mical compounds that interact and bind a target protein involved in a
disease in order to understand their therapeutic effect. As experi-
mental identification of compound-protein interactions (CPIs) is gen-
erally costly and time-consuming, computational approaches have
been developed to streamline the discovery process through in-silico
CPI predictions, includingmolecular docking andmolecular dynamics
simulations. Molecular docking helps to investigate CPIs by estimating
the binding affinity between a compound and its protein target2. By

modeling the movement of molecules over time, molecular dynamics
simulations allow for a better understanding of dynamic interactions3.
However, thesemethods come with challenges. They can be resource-
intensive, especially when identifying potential drug candidates from
large compound libraries2,4. Also, to achieve reliable results, these
approaches require high-quality molecular structures as inputs, which
can be challenging as experimentally validated structures are not
always accessible, especially for less-studied molecules3,5. These lim-
itations can reduce the utility of these in-silico approaches for
screening extensive molecular libraries to identify desired CPIs and
pinpoint potential drug candidates.
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Machine learning (ML) anddeep learning (DL) developmentsoffer
complementary in-silico approaches for predicting CPIs, effectively
reducing the burdens of time and cost by filtering out thousands of
extraneous compounds in large databases. Current ML and DL meth-
ods forCPI predictions standout in two critical aspects: thedatamodel
they accept for training and prediction, and the extent of similarity
between the training and testing datasets.

The first aspect of CPI predictions involves choosing the appro-
priate input data types, which can be either network-based or tabular-
based. Network-based inputs include bi-partite networks, which are
two-layer network structures where compounds and proteins are dis-
tinct node types, linked by edges if there is an active interaction
between them. In contrast, tabular inputs consist of discrete data
points that lack an inherent relational structure.

Moreover, the effectiveness of a model’s performance evaluation
depends on whether the approach is transductive or inductive.
Transductive predictions target interactions among compounds and
proteins observed during training, whereas inductive predictions seek
to forecast interactions involving entirely unseen entities. While
models such as CGINet6 and HGDTI7 use network-based data without
fully addressing inductive link prediction, others such as AI-Bind8,
DrugBAN9, MolTrans10, MFR-DTA11, and CPInformer12, utilize tabular
data for inductive CPI predictions.

Given the practical importance of inductive predictions and the
neighboring or connecting information provided by network-based
data, there is a pressing need for models that can adeptly handle both
inductive link predictions and the utilization of network-based input to
enhance predictive accuracy.

The second aspect of advancements in CPI predictions focuses on
assessing compound-protein similarity between the test set and
the training set by categorizing analyses into in-domain and cross-
domain. In-domain analysis applies when the training and test sets
share similar descriptors (domains), enabling themodel to utilize prior
knowledge effectively. However, cross-domain analysis is required
when descriptors differ significantly, challenging traditional pre-
dictive models that depend on similarity. Recent research introduced
models using long short-term memory (LSTM) and convolutional
neural networks (CNNs)13 ensemble deep learning approaches14 and
usingdomain adaptationmodules9 forCPI predictions in cross-domain
settings. This distinction is essential for improving model general-
ization, especially when adapting to limited labeled training data for
cross-domain test sets.

In this work, we introduce GraphBAN, an inductive model
designed for compound-protein interaction (CPI) predictions that is
capable of handling bi-partite network inputs for both transductive and
inductive link predictions across in-domain and cross-domain test sets.
At its core, GraphBAN employs a knowledge distillation (KD) process
with teacher and student modules. The teacher module is trained on
network properties using a graph autoencoder (GAE), which enables
the model to manage unseen datasets where compound-protein links
are unknown. The learned knowledge is transferred to the student
module via a KD loss function, ensuring effective pattern learning from
the initial features of compounds and proteins. By operating in a binary
prediction mode, GraphBAN classifies interactions as “active” or
“inactive”, which is crucial for biological and pharmaceutical applica-
tions. The architecture integrates large language model (LLM)-based
and convolutional neural network (CNN)-based models for feature
representation, along with a bilinear attention network (BAN) module
and a cross-domain adaptation module, to enhance prediction accu-
racy and generalization across training and testing datasets.

Results
Overview of GraphBAN framework
GraphBAN’s schematic is shown in Fig. 1a. Given compounds in the
form of simplified molecular input line entry system (SMILES)15 and

proteins as sequence of amino acids, the model generates a bi-partite
networkwhere compounds and proteins are represented as nodes and
their active interactions are represented as edges. The bi-partite net-
work also includes features of each compound and protein. We first
use compound and protein feature extractor modules to embed
compounds and proteins separately. The compound and protein fea-
tures are generated through a fusion of four different methods (two
methods for compounds and twomethods for proteins) (Fig. 1b). The
first method for extracting compounds’ features utilizes structural
graph convolutional network (GCN) properties and the second
employs a pre-trained LLM named ChemBERTa16. The protein features
are extracted from a CNN layer plus a LLM named evolutionary scale
modeling (ESM)17. Then, we use the KD architecture to extract net-
work’s structural features (neighboring features) within the teacher
block and distill this knowledge to the student block. The student
block generates a joint representation of nodes’ features and learns
local interactions between encoded compound and protein features
with the BANmodule. Lastly, we add a conditional domain adversarial
network (CDAN)module (Fig. 1c) to increase the ability of ourmodel to
deal with cross-domain compound-protein pairs.

Evaluation strategies and metrics
We study the performance of the model’s inductive link prediction
on five previously assembled, experimental CPI collections,
BindingDB18, BioSNAP19, KIBA20, PDBbind 201621, and C.elegans22. Our
approach utilizes a fully inductive and cross-domain evaluation
strategy, essential for assessing the robustness and real-world
applicability of the model in drug discovery. By evaluating the
model’s performance across unseen test sets and representing
the CPIs from different domains, we gain a more comprehensive
understanding of its generalization capabilities. For cross-domain
evaluation, we use a clustering-based pair-splitting strategy
that employs the single-linkage algorithm on extended connectivity
fingerprints (ECFP) features for compounds and k-mer frequency
features for proteins. We randomly select 60% of the compound and
protein clusters derived from the clustering step for the source
domain data. The remaining 40% of clusters of compound-protein
pairs are used as target domain data. We adhere to the standard
domain adaptation setting, using all labeled source domain data and
80% of the unlabeled target domain data for model training, with the
remaining 20% of the labeled target domain data forming the fully
inductive target test set. The details of the clustering strategy are
provided in Supplementary Section 1. The transductive analysis is
reported in the Supplementary Section 4. We employ three key
evaluation metrics: the area under the receiver operating char-
acteristic curve (AUROC), the area under the precision-recall
curve (AUPRC), and the F1 score. To ensure reliability, we conduct
five different runs with distinct random seeds and report the average
scores along with t-statistic and p-value analyses that are presented
in Supplementary Section 5.

Analysis of performance on public datasets
The disparities of the training and test data distributions encountered
in real-world scenarios, underline theneed for an inductive analysis. To
address this challenge, we embed the CDAN module within the
GraphBAN framework, which enables us to effectively manage the
distinct data distributions. The performance assessment is presented
across all distinct datasets (Table 1). In line with our findings, Graph-
BAN consistently outperforms other state-of-the-art models. Specifi-
cally, it exhibits superior performance compared to DrugBAN,
boasting improvements of 9.32%, 5.46%, 3.32%, 2.76%, and 0.72% in
AUROC across the BioSNAP, BindingDB, KIBA, C.elegans, and PDBbind
2016 datasets, respectively.

The overall higher performance observed with the C.elegans
dataset compared to other datasets could be attributed to its relatively
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smaller size, which may inadvertently introduce a hidden bias. This
bias could simplify the model learning process by revealing more
distinct, easily recognizable patterns between active and inactive links,
thereby enhancing their ability to train effectively.Moredetails onhow
the CPIs’ diversity exists in different datasets are provided in the
Supplementary Section 1. Additionally, the lower AUPRC scores for the

KIBA dataset may be attributed to the high imbalance between active
and inactive labels present in this dataset. The performance of the
GraphDTAmethod indicates that a simple GNN-basedmodel that uses
molecular graph data as input can perform competitively, as
GraphDTA gets the second-best AUROC score with the BioSNAP and
PDBbind 2016 datasets for inductive predictions.
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Ablation study
In this section, we evaluate the impact of the teacher module and KD
workflow, feature fusion module, and the BAN+CDAN blocks in
inductive link prediction, threeofwhichare integrated intoGraphBAN.
To ascertain the effectiveness of each module in GraphBAN, we
established a baseline model for comparison. The key distinctions
between the baseline and the GraphBAN model are as follow. The
baseline model employs a three-layer GCN network for extracting
compound features and a three-layer CNN network for protein fea-
tures. Also, the baseline model simply concatenates the compound
and protein features without applying the BAN layer. It utilizes a
combination of linear and batch normalization layers for the joint
representation of features without the CDAN module. The remaining
elements of the baseline model are consistent with GraphBAN.

The results, which compare our baseline model and variations
with different configurations of our proposed components, are pre-
sented in Table 2. These configurations are tested using the two
datasets: BioSNAP and BindingDB. Model-1 is composed of the base-
line plus the feature fusion (FF) module. Model-2 consists of the
baseline plus the BAN+CDAN (BC)modules. Model-3 is the GraphBAN
without the teacher module.

The results demonstrate that the integration of all tested mod-
ules, namely teacher, FF and BC, enhances the baseline performance
across two benchmarkdatasets. This substantiates our hypothesis that
the fusion of GCN and CNN features with LLM-based features, coupled
with the applicationof theBAN+CDANblockonnetwork’s embedding
in a KD framework, markedly augments CPI predictions efficacy. Spe-
cifically, the FF and BC modules contribute to an increase in the
AUROC score on BindingDB dataset by 5.43%, 9.31%, respectively.
Furthermore, Model-3 demonstrates the importance of the teacher
module that can increase the overall performance of GraphBAN on
BindingDB and BioSNAP by 9.46% and 6.07%, respectively. Most
notably, GraphBAN, which integrates all the analyzed components,
benefits synergistically from these modules, achieving the most opti-
mal outcomes across all evaluated parameters.

Analysis of performance on a case study
To demonstrate the utility of GraphBAN in a real scenario of drug
discovery, we focusedon thepeptidyl-prolyl cis-trans isomeraseNIMA-
interacting 1 (Pin1)23, an essential enzyme involved in many cellular
processes, including cell cycle regulation, development, and signaling
pathways24–26. Because of its role in the cell cycle, Pin1 is a prime target
for therapeutics of various types of cancer24,25. To predict compounds
that interact with Pin1, we deployed around 250,000 compounds from
the ZINC-250K dataset to GraphBAN to identify potential binding
compounds. ZINC-250K is a comprehensive library of small molecules
for virtual screening27. CPI values for the ZINC-Pin1 dataset are una-
vailable and our model predicts these interactions in an inductive
manner.

Our model, GraphBAN, incorporates an unsupervised domain
adaptation module to predict CPI interactions without CPI labels for
the ZINC-Pin1 dataset. We use three high-quality datasets for training,
BioSNAP, BindingDB, and KIBA; while excluding smaller datasets,
C.elegans and PDBbind 2016, to mitigate underfitting risks. Each
dataset brings distinct chemical and biological profiles, enabling us to

compare predictions and utilize domain adaptation onCPI predictions
for ZINC-Pin1 across models trained on three different baseline data-
sets. The training procedure is detailed in the Supplementary Sec-
tion 8. As summarized in Fig. 2, after training, and deploying Pin1 and
the ZINC compound pairs for predictions, GraphBAN identified 134
compounds with interaction probabilities with Pin1 above 0.5 that are
in-common across models trained on three different datasets,
respectively. The list of 134 compounds with their probabilities are
provided in Supplementary Data 1.

To narrow down the 134 top predicted compounds we excluded
10 candidates with poor solubility, permeability and chemical prop-
erties that favor falsepositives, applying the Lipinski’s rule-of-five28 and
pan assay interference compounds (PAINS)29 filters (Fig. 2a). Then, the
drug-likeness properties, including absorption, distribution, metabo-
lism, excretion, and toxicity (ADMET) of the remaining candidates,
were further evaluatedusingADMETpredictions from theMLplatform
ADMET-AI30. We filtered out 115 compounds predicted to have a high
likelihood of clinical toxicity (probability > 0.25), a negative half-life
(<0 h), low plasma protein binding rate (<50%), suboptimal lipophili-
city (outside the range of 1–3, as suggested by ref. 31), and poor oral
bioavailability (probability <0.5). The final nine candidates with sui-
table drug-likeness properties are listed in Supplementary Data 2.

To further highlight the relevance of the nine selected potential
Pin1 inhibitors, we visualized two compounds that were chosen based
on their top rankings according to the quantitative estimate of drug-
likeness (QED)32. The QED quantifies a compound’s drug-likeness by
evaluating its desirability across eight key physicochemical properties.
As shown in Fig. 2b–e, these binding regions of the two chosen com-
pounds were predicted through blind docking using AutoDock Vina33,
with protein residues selected based on having at least one atom
within 5 Å of any atom in the analyzed compound34. The majority of
residues within these binding sites are assigned medium to high
attention weights by our model, allowing these residues to have a
greater contribution to the model’s predictions. Also, according to
Fig. 2f, g, compound atoms that form hydrogen bonds with the cor-
responding binding site residues are assigned medium to high atten-
tion weights by the model, which supports our model’s capability to
capture relevant bonding interactions for CPI predictions. In summary,
these results support the conclusion that our model effectively cap-
tures the binding site regions.

BJP-06-005-3hasbeen identified as anactive inhibitor of Pin124. To
evaluate the potential of the two selected compounds, we calculated
the Tanimoto similarity35 using molecular access system (MACCS)
fingerprints36 between each compound and BJP-06-005-3. Both com-
pounds exhibited moderate similarity in functional group features
with BJP-06-005-3 (0.437 for compound 1 and 0.475 for compound 2),
suggesting that they may interact with Pin1 in a similar manner,
potentially yielding comparable inhibitory effects. While this similarity
supports the idea that the selected compounds may share functional
properties with BJP-06-005-3, it also highlights the distinctiveness of
the identified compounds in their potential interactions. This further
demonstrates the effectiveness of GraphBAN in identifying compound
candidates that could offer favorable interactions with the target
protein, thus advancing the development of more effective
therapeutics.

Fig. 1 | The architecture of GraphBAN. a The input compound molecules are
encoded by graph convolutional network (GCN) layers andChemBERTa separately,
while protein sequences are encoded by 1D layer convolutional neural network
(CNN) and evolutionary scale modeling (ESM). b Fusion of features with same
architecture for both compounds andproteins. Fusionmodule showshowwebring
the extracted features in the samedimensionality with the Linear TransformLayers.
The feature fusion includes two “MatMul” layers that operate element-wise

multiplication and one “Addition” layer that do the element-wise addition. c The
CDANmodule. It receives input from thebilinear attention network (BAN) layer and
generates concatenation of the compound and protein features and SoftMax logits
“g” for source and target domains into a joint conditional representation using the
discriminator module. The discriminator has two fully connected layers with an
adversarial loss to minimize the classification error between the source and target
domains.
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Table 1 | Results of inductive analysis based on average of five random runs with corresponding standard deviations

Dataset Method AUROC AUPRC F1 score

BioSNAP RFa 0.624 ±0.032 0.613± 0.035 0.673± 0.006

MolTransa 0.655 ± 0.016 0.671 ± 0.019 0.672± 0.007

DeepConv-DTIa 0.624 ±0.032 0.613± 0.035 0.673± 0.006

SPVec-SGCN-CPIa 0.626 ±0.012 0.617± 0.017 0.673± 0.009

GraphDTAa 0.694±0.012 0.728 ± 0.008 0.678 ± 0.007

GraphsformerCPIa 0.620 ±0.026 0.598±0.026 0.681± 0.009

DrugBANa 0.687± 0.029 0.748±0.032 0.672± 0.006

DSANIBa 0.554±0.016 0.551 ± 0.018 0.669±0.002

PocketDTAa 0.629 ±0.011 0.620±0.011 0.666±0.014

FusionDTIa 0.672± 0.021 0.687± 0.021 0.501 ± 0.105

GraphBAN 0.751±0.023 0.807 ±0.018 0.697 ±0.017

BindingDB RFa 0.523 ± 0.061 0.428 ±0.037 0.667 ± 0.005

MolTransa 0.518 ± 0.048 0.436±0.057 0.667 ± 0.001

DeepConv-DTIa 0.547± 0.021 0.445±0.054 0.525± 0.017

SPVec-SGCN-CPIa 0.558±0.016 0.449±0.018 0.670±0.010

GraphDTAa 0.541 ± 0.025 0.453 ±0.031 0.668±0.000

GraphsformerCPIa 0.552 ± 0.008 0.460±0.044 0.522 ± 0.024

DrugBAN 0.586±0.043 0.489±0.073 0.672± 0.007

DSANIBa 0.506±0.032 0.426±0.052 0.667 ± 0.001

PocketDTAa 0.554±0.012 0.450±0.011 0.669±0.009

FusionDTIa 0.514 ± 0.043 0.425 ± 0.021 0.432± 0.070

GraphBAN 0.618 ±0.036 0.532±0.056 0.688±0.018

KIBA RFa 0.626 ±0.015 0.285±0.051 0.667 ± 0.003

MolTransa 0.598 ±0.023 0.246±0.028 0.676 ±0.004

DeepConv-DTIa 0.622 ± 0.017 0.305 ±0.018 0.490±0.045

SPVec-SGCN-CPIa 0.627± 0.007 0.299±0.008 0.648±0.009

GraphDTA 0.631 ± 0.042 0.314± 0.070 0.672± 0.003

GraphsformerCPIa 0.633 ±0.006 0.379±0.014 0.517± 0.067

DrugBAN 0.633 ±0.019 0.275± 0.055 0.678 ±0.006

DSANIBa 0.601 ± 0.033 0.256±0.057 0.669±0.001

PocketDTAa 0.629 ±0.008 0.291± 0.010 0.648±0.012

FusionDTIa 0.582 ± 0.008 0.249±0.030 0.206±0.061

GraphBAN 0.654±0.017 0.306±0.041 0.677± 0.005

C.elegans RFa 0.646±0.034 0.544±0.097 0.673± 0.008

MolTransa 0.752 ± 0.030 0.674±0.068 0.739 ±0.030

DeepConv-DTIa 0.647± 0.029 0.590±0.081 0.679 ±0.054

SPVec-SGCN-CPIa 0.645 ±0.037 0.525 ± 0.084 0.649±0.033

GraphDTAa 0.789±0.050 0.718± 0.135 0.758 ±0.014

GraphsformerCPIa 0.635±0.025 0.606±0.031 0.666±0.062

DrugBAN 0.868±0.022 0.819± 0.059 0.816± 0.019

DSANIBa 0.750 ±0.042 0.709±0.097 0.732± 0.043

PocketDTAa 0.654±0.019 0.539±0.019 0.658 ±0.016

FusionDTIa 0.716± 0.072 0.708±0.089 0.581 ± 0.092

GraphBAN 0.892 ±0.022 0.854 ±0.058 0.833 ±0.020

PDBbind 2016 RF 0.533±0.062 0.560±0.042 0.666±0.005

MolTrans 0.542 ± 0.041 0.559±0.029 0.671 ± 0.003

DeepConv-DTI 0.543±0.052 0.544±0.042 0.489±0.038

SPVec-SGCN-CPI 0.551 ± 0.048 0.544±0.040 0.657 ± 0.027

GraphDTA 0.567± 0.030 0.556±0.038 0.673± 0.003

GraphsformerCPI 0.523 ± 0.069 0.531 ± 0.063 0.509±0.075

DrugBAN 0.557± 0.043 0.566±0.024 0.670±0.004

DSANIB 0.518 ± 0.042 0.532 ± 0.017 0.672± 0.005

PocketDTA 0.557± 0.020 0.545±0.018 0.667 ± 0.020

FusionDTI 0.598 ±0.062 0.597 ±0.026 0.474 ±0.074

GraphBAN 0.561 ± 0.055 0.560±0.042 0.677 ±0.010

aShows a p-value (p <0.05) that indicates a statistically significant difference. Statistical significance was assessed using a paired t-test (two-sided) to compare the AUROC and AUPRC scores of our
model against baselinemodels. Thepaired t-test accounts for dependency bycomparingperformance scores derived from the samedataset under identical conditions, ensuring differences arenot
treatedas independent. Thedegreeof freedom is4. Thebest results for eachmodel aremarked inbold.Note: Thedatasets used in theFusionDTImodel differ slightly from thoseused in othermodels
due to the unavailability of 3Dprotein structures requiredby themodel. Themissed interaction percentages are: BioSNAP (6%), BindingDB (4.2%), KIBA (4%), C. elegans (9.4%), andPDB (6.1%). Source
data are provided as a Source Data file.
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Discussion
Effective structure-based drug discovery relies on the identification of
compounds that bind to protein targets. Emerging advances in DL
aiming at predicting unrecognized drug-target interactions can lower
the high cost and time-consuming experimental approaches. Our
model GraphBAN achieves higher scores when predicting inductive
links between proteins and compounds compared to baselinemodels.
The scores achieved reflect some ongoing challenges. The perfor-
mance, while positive, could be influenced using cross-domain splits in
dataset preparation. This, along with the natural biological variability
of protein targets and the complex chemistry of the compounds,
presents obstacles for the model in generalizing effectively across
diverse biological contexts. Despite these limitations, GraphBAN’s
performance indicates it canmanage these challengesmore effectively
than traditional models by leveraging its integrated KD, BAN, and
CDAN modules. Moreover, the details of the protein family analysis
provided in Supplementary Section 6 indicate that the model is not
sensitive to the specific type of CPIs.

The case study applied GraphBAN to predict compound-Pin1
interactions using anunsupervised approachon theZINC-250K library.
The top two compound candidates, which have not been tested in any
biological screen, are selected after coupling with drug-likeness and
ADMET properties predictions, similar filtering strategies have been
successfully applied in previous studies37,38, further validating the
robustness of our approach. These strategies ensure that the selected
compounds meet key drug-likeness criteria and align with established
filtering pipelines. Also, the attention weights visualization supports
that the model effectively captures binding interactions relevant to
Pin1 interactions, demonstrating GraphBAN’s potential to help identify
promising molecular inhibitors.

Integrating incremental learning algorithms would enable
GraphBAN to continuously adapt to unseen data without requiring
extensive retraining, thereby improving both efficiency and adapt-
ability. Furthermore, broadening the model’s capacity to process lar-
ger andmore varied datasets through transfer learning could enhance
its overall performance. Additionally, incorporating multi-modal data,
such as genomic and transcriptomic information, could enrich the
model’s insights into complex biological interactions’ networks,
potentially leading to more precise predictions.

GraphBAN’s ability to outperform traditional models, despite
facing the challenges of diverse and complex datasets, highlights its
value as a tool in computational drug discovery. Future improvements,
particularly in real-time learning capabilities and data integration,
could significantly boost its applicability in personalizedmedicine and
therapeutic development.

In conclusion, our contribution to the field of CPI predictions is
encapsulated in the DL-based model, GraphBAN. This model adeptly

processes CPI data in the form of a bi-partite network, enabling
transductive and inductive link predictions across in-domain and
cross-domain scenarios. GraphBAN incorporates KD, which
includes a GAE that serves as a teacher module, imparting
structural and neighboring information from the CPIs network to
the student model. The student model effectively concatenates
the separated features of compounds and proteins involved in
interactions using the BAN layer. Furthermore, GraphBAN
addresses the distribution gap between the training data and
cross-domain test data through the CDAN module.

Our proposed GraphBAN exhibits considering performance by
providing acceptable CPI prediction accuracy. When evaluated across
five diverse datasets, it surpasses ten other state-of-the-art methods
found in the literature. This research offers an advancement in CPI
predictions and promises substantial practical implications in drug
discovery.

Methods
Datasets
We evaluate GraphBAN on five public CPI datasets: BindingDB18,
BioSNAP19, KIBA20, PDBbind 201621, and C.elegans22. BindingDB18 is a
public dataset that contains over a million data entries of experi-
mental CPIs with numerical affinities, primarily derived from scien-
tific articles and US patents. As we need a low-biased version of
BindingDB, we use a selection of the dataset previously created10 that
includes around 50,000 CPIs. The BioSNAP dataset19 encompasses
13,741 drug-target pairs derived from the DrugBank39 database,
showcasing a comprehensive network of proteins involved in various
pharmacological processes essential for drug discovery10. The KIBA
dataset developed by the various bioactivity types comes with
around 118,000CPIs, with different interaction types, including IC50,
K(i), and K(d)20. The Caenorhabditis elegans (C.elegans) dataset is
enriched with data that includes around 6,500 CPIs with positive
interactions sourced from DrugBank 4.1 and Matador40 databases,
providing a reliable basis for studying drug-target interactions. To
enhance the utility for model training and testing, it also incorpo-
rates highly credible negative CPI samples derived through a sys-
tematic screening framework described by22. The PDBbind 201621

dataset comprises a curated collection of protein-ligand complex
structures from the Protein Data Bank, annotated with experimen-
tally measured binding affinities, and consists of 8,107 interactions.
These interactions have been binarized into active and inactive
classes using a negative sampling strategy to distinguish lab-
confirmed bindings. The preprocessing steps taken to make the
datasets ready for training and their statistics were added in Sup-
plementary Section 2.

Knowledge distillation architecture
The KD architecture is effective in inductive learning for graph analy-
sis, including tasks like node classification and link prediction41,42. The
method utilizes a teacher-student model, structured as follows:
1. The teachermodel learning: The teachermodel, T, processes an

input graph, GðV , EÞ, where V represents nodes and E represents
edges. The teacher learns the node features, F, of the graph
F=TðG V , Eð ÞÞ where F includes the learned features that capture
the graph’s structure.

2. Knowledge distillation to the student model: The student
model, S, learns from the teacher block’s knowledge, focusing on
the joint representation of node features, J, influenced by the
graph’s connectivity, J=SðFÞ. The knowledge from the teacher to
the student is distilled by optimizing a loss function such as mean
squared error (MSE) and cosine similarity. This process ensures
that the student model accurately learns from the teacher.

3. Application to inductive tasks: The essence of KD in inductive
graph analysis is its ability to generalize to unseen or test nodes,

Table 2 | The ablation study on two public datasets

Model/
Modules

teacher FF BC BindingDBa BioSNAPa

Baseline 0.479 ±0.044 0.515 ± 0.022

Model-1 0.505 ±0.036 0.517 ± 0.026

Model-2 0.552 ± 0.072 0.670±0.029

Model-3 0.563±0.050 0.708±0.040

GraphBAN 0.618 ± 0.036 0.751 ± 0.023

aAUROC score of the average of five different runs with corresponding standard deviations.
Source data are provided as a Source Data file.

Article https://doi.org/10.1038/s41467-025-57536-9

Nature Communications |         (2025) 16:2541 6

www.nature.com/naturecommunications


Vtest . In scenarios where only node attributes are available, and
not their connections, the studentmodel employs its learned joint
representation to perform tasks like node classification or link
prediction. This can be represented as, Task Vtest

� �
=SðJVtestÞHere,

task could represent either node classification or link prediction
functions.

GAE
The GAE is a DL model that takes advantage of GCNs to learn repre-
sentations of graph-structured data. The GAE can be illustrated by
three main sections: the encoder that made by Sage layers, the latent
space that contains the generated embedding, and the decoder with
linear layers43 to reconstruct the graph. The encoder sectionof theGAE
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transforms the input graph data with node features into a lower-
dimensional latent space representation. This latent space represents
the key features and relationships presented in the graph data. The
decoder section, on the other hand, is responsible for reconstructing
the original graph data from the learned latent space representation.
We optimize the embedding generation with binary cross-entropy loss
(BCE loss). The details of loss functions used in GraphBAN provided in
Supplementary Section 7.

CNN for protein sequence
As shown in Fig. 1a, the three-layer CNN block is tailored for protein
feature extraction and employs an approach that initializes a learnable
embedding matrix with representations for all 23 amino acids. This
proactive initialization equips the network with essential biochemical
information to discern amino acid sequences in the interactions.
Subsequently, the CNN block specializes in extracting local residue
patterns from thematrix of protein features, a pivotal step in capturing
nuanced dependencies within protein sequences. Notably, this CNN
architecture conceptualizes a protein sequence as a sequence of
overlapping 3-mer amino acids, enabling it to captureboth short-range
and long-range interactions within the protein structure. Additionally,
the network adheres to a maximum allowed length for protein
sequences. The sequences exceeding this length are truncated, while
shorter sequences are padded with zeros. This approach reflects a
fusion of domain-specific knowledge and DL, showcasing its potential
for decoding protein structures and features while handling varying
sequence lengths. The protein encoder layer is defined as

H l + 1ð Þ
p =σ CNN W lð Þ

c ,b lð Þ
c ,H lð Þ

p

� �� �
, ð1Þ

whereWðlÞ
c and bðlÞ

c are the learnable weight matrices (filters) and bias
vector in the lth CNN layer.Hl

p denotes asH
ð0Þ
p =Xp:σð�ÞwhereXp is the

corresponding feature matrix for each protein sequence P and σð�Þ
represents the ReLU activation function.

GCN
In the initialization phase of the atom nodes within GCN model, the
GCN21 is employed to systematically assign a 128-dimensional integer
vector to each atom in the molecules. This vector encapsulates a
comprehensive array of chemical properties essential for defining the
atom’s characteristics and its interactions within the molecule. These
properties encompass several characteristics: the atom type, which
specifies the chemical element of the atom; atomdegree, reflecting the
number of direct covalent bonds with neighboring atoms; and the
number of implicit hydrogen atoms, accounting for hydrogen atoms
assumed to be bonded but not explicitly represented. Additional
properties include atom hybridization, indicating orbital mixing that
impacts bonding configurations; radical electrons, denoting unpaired
electrons contributing to reactivity; and formal charge, representing
the atom’s electric charge from electron surplus or deficit. Lastly, total
hydrogen atoms encompass both explicit and implicit atoms, and
aromaticity identifies atoms in an aromatic ring with shared electrons
in a stable configuration. This detailed vector representation equips
the model with a nuanced understanding of each atom’s potential

behavior and interactions, thereby enhancing the predictive capability
of the GCN model regarding molecular properties and activities.

ChemBERTa and ESM models
TheChemBERTamodel16 is an advanced adaptation of the transformer
architecture,meticulously crafted for predictingmolecular properties.
It leverages a substantial dataset of SMILES sequences for self-
supervised pretraining, allowing it to internalize rich representations
that encapsulate diverse chemical properties. This pretraining phase
involves training the model to predict masked tokens within SMILES
sequences, thereby enabling it to understand and encode complex
molecular structures and their inherent characteristics.

Following the self-supervised pretraining, ChemBERTa undergoes
a fine-tuning phase where it is specifically adapted to targeted mole-
cular property prediction tasks. This dual-phase training approach
ensures that the model not only learns general chemical patterns but
also tailors its learning to specific applications, significantly enhancing
its predictive accuracy.

The ESM17 is a type of language model, similar to those used in
natural language processing, but adapted for the sequences of amino
acids that make up proteins. By training on a massive dataset of
250million protein sequences, the ESM model learns to predict the
contextual relationships between amino acids in a sequence, capturing
biologically relevant features such as protein structure and function
directly from the sequence data. This model encodes deep biological
insights, allowing it to perform tasks like predicting the effects of
mutations or the structure of proteins, solely based on their amino
acid sequence.

Feature fusion module
In this study, we introduce an innovative feature fusion module
designed to enhance CPI predictions by integrating features from
multiple sources12 for both compounds and proteins. This module is
central to our approach, as depicted in Fig. 1b, and involves the stra-
tegic combination of molecular features derived from ChemBERTa
and a GCN block, alongside protein features extracted from an
ensemble of ESM (an LLM for proteins) and CNNmodules. This fusion
of feature sets enhances the comprehensiveness of our molecule and
protein representations, offering aholistic viewof their structures. The
fusion block (with details based on compounds‘ features) is defined as

Fc =Fg +dout t Fg

� �
� t Fp

� �T
� �

� Fp

� �
, ð2Þ

where Fc 2 Rn × 128 is the fused compound feature that n is number of
atoms, Fg 2 Rn × 128 is the GCN-based molecular feature, Fp 2 R1 × 128 is
the ChemBERTa feature, and tð�Þ is the transition function. The
transition function added as the initial LLM-based group fingerprint is
in the shape of Fp 2 R1 × 384 and we use three fully connected layers
(with the parameter sizes of 384 × 512, 512 × 256, and 256× 128) to
reduce the dimensionality of the fingerprint to Fp 2 R1 × 128. The dout is
dropout function applies to prevent overfitting during the training
process.

In the feature fusion process for proteins, the concept of using
different embedding sizes is utilized similarly. Here, n represents the

Fig. 2 | Filtering and visualizing attention weights of Pin1 binding sites and
interacting compounds. a shows the steps are taken to reduce the number of top
candidates predicted by GraphBAN. b, c depict the binding sites of selected com-
pound 1 (with SMILES CC1(C)C[C@@H]([NH2 + ]CCc2cc3ccccc3[nH]2)C(C)(C)O1),
(d, e) show the binding sites of selected compound 2 (with SMILESCCCn1nc(C)c(N)
c1N1C[C@@H](C)[C@@H](C)C1), (f, g) show selected compound 1 and compound
2, both of which are predicted to have active interactions with Pin1. Binding sites in
(c, e) are colored based on attention weights captured by GraphBAN, which are

normalized to a rangeof0 to 1. Colors transition fromblue (lower attentionweights
and lesser importance to the final prediction) to white (medium) to red (higher
attention weights and greater importance to the final prediction). ChimeraX60 was
used for visualizing binding sites. For compounds in (f, g), the colouring also
reflects normalized attention weights, with colours ranging from yellow (low) to
orange (medium) to red (high), visualized using ChemDraw. Additionally, atoms
that participate in hydrogen bonding interactions with the respective binding sites
are enclosed in dashed boxes.
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number of amino acids. The embedding from the ESMmodel has a size
of 1280. These embeddings are fused with CNN-based features, which
have a size of 128. This fusion results in afinal embedding size of 128 for
the protein features.

Bilinear attention neural network
TheBANwhichwaspreviously introduced9 is an integral component of
our model. The BAN was also previously used in visual question
answering problems44, whichproved to be helpful in theCPI tasks9. It is
designed to capture pairwise local interactions between compounds
and proteins. The BAN comprises two key elements: the bilinear
interaction map, formed by combining hidden compounds and pro-
teins representations to create an attention-weighted matrix, and the
bilinear pooling layer, which extracts a unified compound-protein
representation. Pairwise interaction learning is achieved through the
bilinear attention mechanism, enhancing the model’s predictive
capabilities.

Bilinear interaction map
The first component of BAN, the bilinear interaction map, plays a
crucial role in modeling the pairwise interactions. It is constructed
using the hidden representations of both drugs and targets. This
process results in a pairwise interactionmatrix, which encapsulates the
attentionweights assigned to each compound-protein pair. The values
in this matrix denote the strength of interaction or relevance between
specific compounds and proteins, thereby facilitating the identifica-
tion of critical compound-protein associations. The single head pair-
wise interaction matrix I 2 RMxN comes from the protein and
compound fusion modules that generating the hidden protein and
drug representations where M and N show the number of encoded
substructures in anamino acid sequenceof a protein and atoms/bonds
in a compound. The I in the ith and jth column represents as follows:

Iij =q
T σ UThi

d

� �
°σ VThj

p

� �� �
, ð3Þ

Where hi
d is the ith substructure of the last compound fusion block’s

layer and hj
p is the jth substructure of the last layer of the protein CNN

block. TheU 2 RD
d ×K andV 2 RD

P ×K are learnable weight matrices for
compound and protein representations, where D is the dimension of
features, q 2 RK is a learnable weight vector, and (∘) denotes element-
wise product.

Bilinear pooling layer
The second component of BAN is the pooling layer to obtain the joint
representation f 2 Rk , applying over the interaction map I. The Kth

element of f 0 is computed as

f 0k =σ H 3ð Þ
d

� �T
U

� �T

k
� I � σ H 3ð Þ

p

� �T
V

� �
k
, ð4Þ

where Uk and Vk denote the kth column of weight matrices U and V.
Moreover, to obtain more compact feature map, we have a sum
pooling on the joint representation vector

f = SumPool f 0, s
� �

, ð5Þ

where the SumPool(⋅) function is a sumpooling operation with stride s
and it converts the dimensionality of f 0 2 Rk to f 2 Rk=s . In the last step
we feed the joint representation f into a fully connected layer to
classify the inputs and the objective of training is to minimize the
BCE with logit loss function.

Cross-domain adaptation to enhance generalization
In cross-domain analysis, we tend to train our model with CPIs and to
ensure that the trained model can perform well in real-world cases

where the compounds and proteins are different from the nodes in the
training set based on their features distributions. As a result of this
scenario, it will becomehard for simpleML/DLmodels to performwell
on cross-domain data in the test sets. To overcome this distribution
shift issue between the training and test data, a model is proposed45

that uses the CDAN to combine adversarial networks with multilinear
feature mapping. As it was demonstrated that using CDAN can
improve CPI prediction accuracy9, we also embed the CDAN into
GraphBAN to enhance the performance of inductive cross-domain CPI
prediction.

As shown in Fig. 1c, the BAN layer generates the source domain
joint representation of compound-protein pairs called Xs with true
labels Ys plus the target domain joint as Xt without any label. The
CDAN’s workflow starts with the component fð�Þ as the feature
extractor that generates concatenation of separate initial features of
the nodes and the BAN’s output for source and target domains sepa-
rately as follows, f s = F Xs

� �
, f t = FðXtÞ. The next module is a classifier

layer called Gð�Þ which works as the generator part in the adversarial
loss, that generates gs =G Xs

� �
for the source and gt =G Xt

� �
for the

target data.
To be able to apply the domaindiscriminator, we need to have the

joint conditional representation h of the g and f defined as

h= FLATTEN f � gð Þ, ð6Þ

where ðLÞ is the outer product.
Based on the CDAN’s workflow, we align the joint conditional

representation h for both the source and target domains by the
domain discriminatormodule Dð�Þ. The task of D �ð Þ function is to learn
how to distinguish between the joint conditional representation h
generated fromthe source and target data domains. As thefinal goal of
the conditional adversarial network, the Fð�Þ and Gð�Þ functions are
trained to minimize the source domain cross entropy loss L �ð Þ by
having the true label information and simultaneously generate h in an
indistinguishable way for D �ð Þ function. The following loss functions
represent the cross-entropy loss (Ls) and adversarial loss (Ladv) con-
sidering E �ð Þ represents the expectation over the empirical source
domain data distribution.

Ls F, Gð Þ=E xs
i ,y

s
ið Þ�Ss

L G F xs
i

� �� �
,ys

i

� �
, ð7Þ

Ladv F, G,Dð Þ=Ext
i�St

log 1� D f ti ,g
t
i

� �� �
+Exs

j�Ss
log D f sj ,g

s
j

� �� �
, ð8Þ

Following the procedure of optimization for the adversarial loss
we need to yield the maxmin() model and define the final repre-
sentation of CDAN’s loss function (LCDAN) as

LCDAN = max
D

min
F ,G

Ls F, Gð Þ � βLadv F, G,Dð Þ, ð9Þ

where β>0 is a hyperparameter to weight Ladv.

Experimental setting
Implementation. The proposedmethod isdevelopedusing Python 3.8
and PyTorch 1.7.146, DGL 0.7.147, Scikit-learn 1.0.2, Numpy 1.20.248,
Pandas 1.2.449, and RDKit 2021.03.2 libraries. The full list of detailed
hyperparameter settings is included in Supplementary Section 3. The
hyperparameters are set using a combination of optimization techni-
ques (random search) and experimental analysis. For instance,
GraphBAN runs with a batch size set to 32 and the optimizer set to
Adam in both the student and teacher submodules. The learning rate
for optimizing theGAE in the teachermodule is 1e-3, and in the student
module, it is 1e-4. To achieve the best possible results with the vali-
dation set, GraphBAN runs for amaximumof 250epochs in the teacher
module and 50 epochs in the student module.
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Baselines. Our baseline framework encompasses the random forest
RF50 model, which has input augmented with ECFP features, alongside
the utilization of k-mer frequency embeddings for the effective repre-
sentation of compound andprotein data. DeepConv-DTI51 presents aDL
model that employs CNNs to identify local residue patterns in raw
protein sequences for predicting drug target interactions51. GraphDTA52

leverages GNNs to encode compound molecular graphs and employs
CNNs for encoding protein sequences. MolTrans10 is a DL model that
innovatively adapts the transformer network to encode both com-
pound and protein information, enhancing its predictive capabilities
through a CNN-based interactive module designed to capture sub-
structural interactions. The GraphsformerCPI53 introduces a DL model
that leverages graph transformers to predict CPIs more accurately. This
model incorporates dual attention mechanisms and structure-
enhanced self-attention techniques to effectively integrate semantic
and spatial structural features of molecules. Moreover, we introduce
DrugBAN9, amodel rooted in our student framework. Themodel has no
feature fusion module, but it concatenates compound and protein
features derived from the GCN and CNN modules, and further incor-
porates BAN and CDAN for cross-domain analysis without the inclusion
of network analysis within its architecture. The SPVec-SGCN-CPI54

model utilizes a sequence-based approach based on skip-gram model55

to embed the SMILES and amino acid sequences and generates a graph
with the compound and protein features to do compound-protein link
prediction. The DSANIB model56 captures local interactions between
CPI pairs of compounds and proteins each capturedwith GCN and CNN
modules respectively. Furthermore, focusing on providing effective
embeddings of compounds and proteins and concatenate the embed-
dings using inter-view attention network. The PocketDTA model57 is a
multimodal architecture designed for drug-target affinity (DTA) pre-
diction by integrating diverse data modalities. It leverages Morgan fin-
gerprints and ESM-2 pre-trained embeddings for drug and protein
sequence representations. The model fuses these features through a
BAN layer. Finally, we have FusionDTI58 that is a bi-encoder model for
drug-target interaction prediction that integrates self-referencing
embedded strings (SELFIES) for drugs and structure-aware vocabulary
for proteins, incorporating 3D features from AlphaFoldDB via Foldseek.
It employs BAN and Cross Attention Network (CAN) to capture fine-
grained token-level interactions. BAN models pairwise interactions,
while CAN uses multi-head and cross-attention mechanisms for deeper
dependencies. The fused outputs are processed through an multi layer
perceptron for binary interaction prediction.

These models collectively represent renowned algorithms in the
realmofCPI prediction.However, theydonot function in the sameway
as our proposed methods, as they do not focus on analyzing the input
training data as a network and performing inductive cross-domain
analyses all together.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
The raw data used as benchmark are BindingDB available at http://
www.bindingdb.org, BioSNAP available at https://snap.stanford.edu/
biodata/datasets/10015/10015-ChG-TargetDecagon.html, KIBA avail-
able at https://researchportal.helsinki.fi/en/datasets/kiba-a-
benchmark-dataset-for-drug-target-prediction, PDBbind 2016 avali-
able at http://www.pdbbind.org.cn, and C.elegans avaliable at https://
snap.stanford.edu/data/C-elegans-frontal.html. The data splits used to
train GraphBAN are included in the GitHub repository at https://
github.com/HamidHadipour/GraphBAN/tree/main/Data. The pre-
dicted probabilities generated by GraphBAN for the 134 candidates
identified in the case study are provided in Supplementary Data 1. All
calculated properties of the selected compounds in the case study are

available in Supplementary Data 2. The trained models used to make
predictions in the case study analyses are hosted on Zenodo at https://
doi.org/10.5281/zenodo.14813233. The input and output docking files,
as well as attention weight files used for compound colouring are
stored in the GitHub repository at https://github.com/
HamidHadipour/GraphBAN/tree/main/case_study. Source data are
provided with this paper as a Source Data file.

Code availability
The code used to develop the model, perform the analyses, and gen-
erate results in this study plus the information on the computational
costs in terms of computation time is publicly available and has been
deposited in GitHub at https://github.com/HamidHadipour/
GraphBAN under MIT license. The specific version of the code asso-
ciated with this publication is archived in Zenodo and is accessible via
https://zenodo.org/records/1498470759.
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