
Article https://doi.org/10.1038/s41467-025-66915-1

TAPB: an interventional debiasing
framework for alleviating target prior bias in
drug-target interaction prediction

Gaoming Lin1,7, Xin Zhang 2,3,7, Zhonghao Ren 4,5, Quan Zou 2,
Prayag Tiwari 6 , Changjun Zhou 1 & Yijie Ding2

DrugTarget Interaction (DTI) prediction is vital for drug repurposing. Previous
DTI studies on BioSNAP and BindingDB datasets often attribute biased pre-
dictions to “drug bias,” while our work reveals “target prior bias” as the pre-
dominant issue. This bias stems from the “prior tendency,” characterized by
the imbalanced label distribution of targets in the training data. From causal
lens, target “prior tendency” is a confounder, causing models trained with
P(Y∣D, T) to learn spurious associations between targets and labels rather than
genuine interactionmechanisms. In this study, we introduce alleviatingTarget
Prior Bias in Drug-Target Interaction Prediction (TAPB), a novel debiasing
framework that employs amino acid randomization, confounder alignment
module (CAM), and interventional training to compute P(Y∣D, do(T)) via
backdoor adjustment, thereby addressing this bias. TAPB achieves competi-
tive performance over existing approaches, demonstrating enhanced gen-
eralization and providing interpretable insights into DTIs.

Drug Target Interaction (DTI) prediction is indispensable in the
exploration of potential applications for existing drugs, significantly
expediting their transition from experimental phases to clinical
application1. Computational methods for drug discovery span distinct
strategies. On one hand, virtual docking simulation2 explores biomo-
lecular interactions from a structural perspective. On the other hand, a
multitude of data-driven methods have been developed for DTI pre-
diction, including traditional machine learning3,4 and deep learning
methods, which have converged on two primary types: those lever-
aging graph data for recommendations5 and those utilizing sequence
data for predictions. Notably, sequence-based prediction methods
offer token-level interpretability, providing valuable insights that can
guide drug repurposing. These methods often employ a dual-tower
architecture to accommodate diverse input formats, e.g. SMILES6,
amino acid sequences7–9, fingerprints10, or molecular graphs11,12, etc.

These inputs are encoded into embeddings and then aggregated for
binary classification tasks, estimating the interaction probability
P(Y∣D, T) between a drug D and a target T. Public sequence datasets
commonly used in DTI research, e.g. BioSNAP and BindingDB, are
sourced from established databases including DrugBank13 and the
Binding Database14, respectively, as shown in Fig. 1a. Recently,
DrugBAN12 has divided these datasets into in-domain and cross-
domain splits, enabling a more systematic and rigorous evaluation of
model performance under diverse conditions.

Despite significant advancements in model architecture and fea-
ture engineering, DTI models trained on sequence datasets, e.g.
BioSNAP and BindingDB, exhibit a bias towards specific inputs for
predictions, rather than capturing the true mechanisms of drug-target
interactions. This limits models’ generalization capability, posing a
significant barrier to their application in drug repurposing. Previous
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research, e.g. TransformerCPI15, DrugBAN12 and UdanDTI16, has attrib-
uted this issue to “hidden pattern bias", i.e. “drug bias". UdanDTI
leverages an asymmetrical architecture and attentive aggregation to
strengthen the target branch and downplay the drug branch, thus
mitigating “drug bias.” However, our findings indicate that “target
prior bias", i.e. “target bias", plays a more substantial role in biased
predictions across both in-domain and cross-domain splits of BioSNAP
and BindingDB. This bias reflects the tendency of models to rely pri-
marily on target-specific features when making predictions.

The cause of “target prior bias” is “prior tendency.” Intuitively,
“prior tendency” describes the imbalance of positive and negative
interaction labels across individual drugs or targets in the DTI training
set. Models canminimize loss by simply capturing the label tendencies
of drugs or targets rather than the true interaction mechanisms. For
example, in Fig. 1b, targets T1 and T2 in the training set have more
positive and negative labels, respectively, while the drugs’ label dis-
tribution is relatively averaged. This imbalance can cause models to
memorize the observed targets’ labels in the training set rather than
genuine drug-target interactions, leading to biased predictions.
Inspired by CF-VQA17, we designed and performed our bias test for
targets and drugs as shown in Fig. 1d, e, respectively. For the training
set in Fig. 1b, when the input changes from DTI pairs (D, T) to pairs
containing a randomly generated tensor R, i.e. (D, R) and (T, R), the
model tends to make predictions based on the observed target label
tendencies from the training set when given (T, R). In contrast, pre-
dictions from (D, R) remain close to average scores. This result
underscores the significant influence of target “prior tendency.” In
Fig. 1c, we characterize this data-distorted training as biased training.

To verify that “prior tendency” causes biased predictions on
sequence DTI datasets, e.g. BindingDB and BioSNAP, we constructed
two counter-prior datasets: one with high drug “prior tendency” and

another with a balanced “prior tendency.” The findings presented in
Section “Prior tendency causes biased predictions” support our
hypothesis. It is essential to note that the “target prior bias” identified
originates from the BioSNAP and BindingDB datasets. In contrast,
other DTI prediction methods with different datasets and model
architectures, e.g. NRLMF18 and19, may display varying biases.

In this work, we introduce an interventional debiasing framework
for alleviating Target Prior Bias (TAPB) in drug-target interaction
prediction. From causal lens, the target “prior tendency” of DTI
sequence datasets is a confounder that opens up backdoor paths for
targets and predictions, making it difficult for DTI models to make
unbiased predictions through P(Y∣D, do(T)). This issue has not been
adequately addressed in previous studies. As shown in Fig. 1f, TAPB
employs amino acid randomization and confounder alignment mod-
ule to compute P(Y∣D, do(T)) via theoretically exact backdoor adjust-
ment, where do( ⋅ ) denotes the intervention that sets the variable to a
specific value, blocking all incoming paths to the variable. The back-
door adjustment computes P(Y∣D, do(T)) via observed data without
performing actual interventions. The contributions of this work are
summarized as follows:

• In this study, we re-evaluate the BioSNAP and BindingDB datasets,
both in-domain and cross-domain splits. We identify “target prior
bias” as a key source of prediction bias in these datasets, a cause
distinct from thepreviously recognized “drug bias.”Our statistical
analysis supports this conclusion, and counter-tendency experi-
ments confirm that “prior tendency” underlies both “drug bias”
and “target bias” in DTI models trained on sequence datasets.

• We reframe DTI prediction through causal lens and propose
TAPB, an interventional debiasing framework that integrates:
amino acid randomization to disrupt spurious correlations via
residue deletion (70%) and mutation (20%), and backdoor
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Fig. 1 | OverviewofDTI bias analysis andour framework. aDataset constructions
of BioSNAP and BindingDB. b A Sketch of target-biased training sets, where certain
targets (T1 and T2) exhibit positive and negative “prior tendencies", respectively,
while the bias in drugs Di is less pronounced. c A Sketch of the biased training
process, wheremodels learn from datasets with an inherent “target bias".d “Target
bias" tests demonstrate that pairing a randomly generated featureR with target T1

yields higher positive scores compared to negative ones, with the opposite
observed forT2. e “Drugbias" tests showrelatively balanced scoreswhenadrugD is
paired with a randomly generated feature R, indicating lesser influence on pre-
dictions. fOur TAPB interventional training, combining amino acid randomization,
confounder alignment module (CAM), and multi-head cross-attention (MHCA) to
compute P(Y∣D, do(T)) under the assumption of our SCM.
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adjustment to compute P(Y∣D, do(T)) through a confounder dic-
tionary C and confounder alignment module. Amino acid rando-
mization not only diversifies input data and reduces memory
usage but also enhances training efficiency.

• Extensive experiments on four public datasets demonstrate that
TAPB establishes a new benchmark in DTI prediction. The fra-
mework’s adaptability offers potential improvements for other
DTI models, provided our assumptions are satisfied.

Results
DTI prediction formulation on sequence datasets
Due to the absence of token-level ground truth in DTI sequence
datasets, previous studies, e.g. MolTrans7, TransformerCPI15, and
DrugBAN12, typically reformulated DTI prediction as a binary classifi-
cation task. Let X = {Xd, Xt, y} denote a set of DTI data points, where Xd
represents the Simplified Molecular Input Line Entry System (SMILES)
of the small molecule, Xt denotes the amino acid sequence of the
target, and y is a binary label indicating the presence or absence of an
interaction between the drug and the target. The general approach for
DTI prediction involves threemain steps: 1) Featureencoding: segment
or convert the input SMILES and target sequences separately, and
employ various respective encoders fd( ⋅ ) and ft( ⋅ ) to encode features,
e.g. CNN20, ResNet21, GCN22, LSTM23 and BERT24, etc. Drug feature and
target feature are denoted as D and T, respectively; 2) Feature fusion:
aggregate the features D and T using an aggregator F ð�Þ, which could
be feature concatenation10, Bilinear Attention Network (BAN)25,
Transformer26, or other aggregators; 3) Prediction: Using the pooling
σ( ⋅ ) and a classification head gy( ⋅ ) for binary classification, i.e. pre-
dicting through P(Y∣D, T), which can be formulated as:

D= f dðXdÞ,T= f tðXtÞ,F=F ðD,TÞ, Y = gyðσðFÞÞ ð1Þ

Building upon this framework, previous studies focused on
enhancing model performance by refining feature encoders and
aggregators, or incorporating additional features.

Drugs bias vs target bias: which is more severe?
Previous studies, e.g. TransformerCPI15, DrugBAN12 and UdanDTI16,
trained on DTI sequence datasets have acknowledged the presence of
biased predictions, with a common assumption that “drug bias” causes
models to rely more on drug features. However, we question whether
“drug bias” is the predominant factor influencing biased predictions in
DTI sequence datasets such as BindingDB and BioSNAP. To test whe-
ther drug or target features are more influential, we employed t-SNE27

visualizations of classification features. Specifically, for each drug-
target pair(D, T) in the training set, we created two types of inputs: 1)
the original drug feature D combined with a Gaussian-distributed
random tensor R replacing the target feature T; 2) the original target
feature T paired with a Gaussian-distributed random tensor R repla-
cing the drug featureD. These inputs are denoted as (D,R) ("drug bias”
test) and (T, R) ("target bias” test), respectively, when passed through
the pre-trained models. The random feature R 2 RL×dm , where L
denotes the length of the input sequence, and dm denotes the
dimension of the model.

We trained DrugBAN12 and TransformerCPI15 on the above data-
sets as our subject of study. Hyperparameter settings of DrugBAN and
TransformerCPI are provided in Supplementary Tables 11 and 9,
respectively. In DrugBAN, fd( ⋅ ) is a 3-layer GCN, ft( ⋅ ) is a 3-layer 1D
CNN, and F ( ⋅ ) is a Bilinear Attention Network (BAN)25. In Transfor-
merCPI, fd( ⋅ ) is a 3-layer GCN, ft( ⋅ ) uses word2vec28 embeddings
followed by a 1D CNN with gate linear units, and F ( ⋅ ) is a cross-
attention transformer, where the query is the drug feature D, and the
key and value are the target feature T. For (D, R), node and edge
features were replaced with two random tensors R, while for (T, R),
target embeddings were replaced with R. For the in-domain splits, the

training set was chosen as the visualization data, whereas for the cross-
domain splits, the source training set was selected for visualization.

If predictions areunbiased, the t-SNE visualizations for both (D,R)
and (T,R), which receive randomizedmeaningless inputsR, shouldnot
exhibit any preference for positive class instances, i.e. positive class
features should be randomly distributed in t-SNE visualizations. Con-
versely, if “hidden pattern bias” is predominant, (D, R) might exhibit a
tendency toward positive class clustering, while (T, R) should show a
random distribution.

However, the visualization results contradict these expectations.
As shown in Fig. 2e, g, m, and o, under the BindingDB in-domain
and cross-domain settings, no matter what drug encoder fd( ⋅ ) or
target encoder ft( ⋅ ) or aggregators F ð�Þ were used, the positive clas-
sification features of (D, R) are nearly randomly distributed, while
t-SNE visualizations of (T, R) in Fig. 2a, c, i, k exhibits significant posi-
tive class clustering. Similarly, under the BioSNAP in-domain and
cross-domain settings, Fig. 2b, d, j, l shows more pronounced positi-
ve class clustering for (T, R) compared to Fig. 2f, h, n, p. These
observations suggest that models trained on these datasets
exhibit stronger “target bias” than “drug bias", prompting the ques-
tion: why do models have inner patterns that rely more heavily on
targets?

Prior tendency causes biased predictions
We assume that the biased predictions are caused by “prior tendency",
which we formally define as systematic label distribution biases
inherent to individual drugs or targets in the DTI sequence dataset.
Specifically, this refers to statistically significant deviations in the
positive/negative sample ratios observed across different drugs (drug-
level prior) or targets (target-level prior), which create spurious cor-
relations that models can exploit to minimize loss without learning
true interaction mechanisms. To quantify “prior tendency” across
different DTI datasets, we devised the following label test:

zi =

P
j yij
ni

ð2Þ

Z =
X
i

jzi � 0:5j+0:5 ð3Þ

where yij denotes the j-th label of the i-th sequence,ni denotes the
occurrence count of the i-th sequence, zi denotes each sequence’s
“prior tendency” which is rounded to one decimal place for better
visualization, and Z denotes the overall “prior tendency” across all
sequences in the dataset, ranging from 0.5 to 1.0.

Furthermore, beyond the heuristic score Z, we designed a rigor-
ous permutation test grounded in a null model where interaction
labels Y are independent of target-specific effects. Under this null
hypothesis, each drug-target pair’s label follows a Bernoulli distribu-
tion parameterized by the global positive interaction proportion:

g =
P

Y
N

ð4Þ

where N denotes the total number of drug-target pairs, representing
random label assignment without target-specific biases. To evaluate
statistical significance, we employed a weighted sum of squared
deviations as our test statistic:

T =
XM
i = 1

niðzi � gÞ2 ð5Þ

whereM is the total number of unique sequences, i.e. total number of
unique drugs or targets in the dataset. The ni weighting ensures pro-
portional contribution by sample size while maintaining sensitivity for
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sparse targets. Our permutation procedure preserves drug-protein
pair structures while randomly reshuffling labels across all pairs for
B = 1000 iterations, with p-value computed as:

p-value =
1 +
PB

b= 11ðTb ≥TobsÞ
1 +B

ð6Þ

where Tb is the permuted statistic and Tobs the observed value. This
non-parametric approach maintains DTI data structures through fixed
pairings with permuted labels, ensures small-sample robustness by
avoiding asymptotic assumptions, and naturally adapts to class
imbalance.

We calculated the frequency of each “prior tendency", overall
“prior tendency", and corresponding statistical significance, i.e. p-
value for drugs as Pd and p-value for targets Pt, across 4 datasets. As
shown in Fig. 3a, in the in-domain split of the BindingDBdataset, target
label frequencies exhibit extreme bimodal concentrations at 0 and 1
(Pt = 0.000), while drug label frequencies center near 0.5 with no

significant deviation (Pd = 1.000). Figure 3b reveals significant drug
deviations (Pd = 0.000) alongside persistently extreme target imbal-
ance (Pt = 0.000) in the cross-domain split of the BindingDB dataset.
Figure 3c, d shows significant deviations for both entities (Pt = 0.000,
Pd = 0.000) in the BioSNAP in-domain and cross-domain splits, with
attenuated but still pronounced target imbalance. Figure 3e confirms
targets consistently exhibit higher prior tendency Z than drugs across
all configurations.

However, the simultaneous occurrence of “prior tendency” and
biased prediction in DTI models does not imply a causal relationship
between them. To verify that it is indeed the “prior tendency” that
causes the biased predictions, we re-split the BindingDB dataset as
follows:

Drug biased training set: as shown in Fig. 4a, we formed a positive
pairs set Sp by selecting all positive sample pairs from the BindingDB
in-domain training set, ensuring eachdrugor target appearsonly once.
Next, negative pairs set Snwere created by randomly assigning the rest
drugs not in set Sp to targets in set Sp as negative samples. Finally, we
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Fig. 2 | The t-SNE visualization of classification features (D, R) and (T, R) of
DrugBAN and TransformerCPI on the BindingDB and BioSNAP datasets.
a DrugBAN trained on the in-domain split of the BindingDB dataset with inputs
(T,R).bDrugBAN trained on the in-domain split of the BioSNAPdatasetwith inputs
(T, R). c DrugBAN trained on the cross-domain split of the BindingDB dataset with
inputs (T, R). d DrugBAN trained on the cross-domain split of the BioSNAP dataset
with inputs (T, R). e DrugBAN trained on the in-domain split of the BindingDB
datasetwith inputs (D,R). fDrugBAN trained on the in-domain split of the BioSNAP
dataset with inputs (D, R). g DrugBAN trained on the cross-domain split of the
BindingDB dataset with inputs (D, R).hDrugBAN trained on the cross-domain split

of the BioSNAP dataset with inputs (D, R). i TransformerCPI trained on the in-
domain split of the BindingDB dataset with inputs (T, R). j TransformerCPI trained
on the in-domain split of the BioSNAP dataset with inputs (T, R). k TransformerCPI
trained on the cross-domain split of the BindingDB dataset with inputs (T, R).
l TransformerCPI trained on the cross-domain split of the BioSNAP dataset with
inputs (T, R).m TransformerCPI trained on the in-domain split of the BindingDB
dataset with inputs (D, R). n TransformerCPI trained on the in-domain split of the
BioSNAP dataset with inputs (D, R). o TransformerCPI trained on the cross-domain
split of the BindingDB dataset with inputs (D, R). p TransformerCPI trained on the
cross-domain split of the BioSNAP dataset with inputs (D, R).
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merged sets Sp and Sn, resulting in a training set with a 50% positive-
negative split, where drugs have “prior tendency” while targets have a
balanced label distribution.

"Balanced” training set: as shown in Fig. 4d, we formed a positive
pairs set Sp, same as drug biased training set, and generated a negative
pairs set Sn by randomly shuffling drugs within Sp to create negative
samples. Finally, we combined sets Sp and Sn to produce a training set
with a balanced distribution of positive and negative labels for every
single drug and target.

We trained DrugBAN on the two counter-prior training sets
using the same hyperparameters and conducted the bias test. Visua-
lization of classification features for (T, R) and (D, R) in Fig. 4b, c

reveals that, unlike the pronounced clustering of (T, R) in Fig. 2, the
positive pairs in Fig. 4c (D, R) show greater degree of clustering,
whereas those in Fig. 4b (T, R) does not. In contrast, on the bal-
anced training set, both (T, R) and (D, R) in Fig. 4e, f exhibits ran-
dom distributions. This suggests that higher “prior tendency” in the
training data leads to biased predictions. Consequently,merely adding
more features29 or altering encoders and aggregators can not solve the
issue of biased prediction as long as “prior tendency” persists in
the data.

Given that the publicly available DTI sequence datasets, BioSNAP
and BindingDB, exhibit stronger “target prior bias,” we specifically
address it in our proposed method.

c

ba

d

e

Fig. 3 | Statistical visualization of “prior tendency" for drugs and targets in the
BindingDB and BioSNAP datasets. a “Prior tendency" frequency distribution of zi
and p-value for drugs and targets in the BindingDB in-domain split training set.
b “Prior tendency" frequency distribution of zi and p-value for drugs and targets in
the BindingDB cross-domain split training set. c “Prior tendency" frequency dis-
tribution of zi and p-value for drugs and targets in the BioSNAP in-domain split

training set. d Label frequency distribution of Z for drugs and targets in the BioS-
NAP cross-domain split training set. eQuantification of the overall “prior tendency"
for labels associatedwith drugs and targets across different datasets. P-values were
derived from a one-sided permutation test with 1000 iterations (Pd for drugs, Pt for
targets), with no adjustments for multiple comparisons. Source data are provided
as a Source Data file.
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TAPB framework
In this paper, we introduce an interventional debiasing framework for
alleviating target prior bias in drug-target interaction prediction
(TAPB) as shown in Fig. 5.

The TAPB framework fundamentally differs from conventional
DTI models through its integration of amino acid randomization,
confounder alignmentmodule, and interventional training to estimate
P(Y∣D, do(T)) via backdoor adjustment. As shown in Fig. 5a, the inter-
ventional training computes P(Y∣D, do(T)) via backdoor adjustment by
incorporating all target confounder clusters ci ∈ C. This requires the
confounder dictionary C and the confounder alignment module gt( ⋅ )
as prerequisites.

The confounder dictionary C is constructed through K-Means30

clustering on ESM-2 features from all training targets, as shown in
Fig. 5b. The cluster centers constitute the dictionary C, while the
sample proportion within each cluster ci defines the adjustment
weight P(ci). Since ESM-2was pre-trained on datasets disjoint fromDTI
benchmarks, this eliminates the risk of label leakage.

The confounder alignment module gt( ⋅ ), illustrated in Fig. 5d,
operates during interventional training. It processes each confounder
cluster center ci to generate confounder-conditioned representations
Tci

, and partitioned fused features Fci
. A shared classifier gy( ⋅ ) then

computes P(Y∣D, T, ci) for all Fci
, enabling the computation of

P(Y∣D, do(T)) via backdoor adjustment under our SCM.
Amino acid randomization in Fig. 5c regularizes input sequences.

First, 70%of residues in ESM-2 features are randomlydeleted to reduce
computation and disrupt sequence patterns. Subsequently, each resi-
due feature undergoes independent mutation with 20% probability by
replacement via randomsampling fromthe aminoaciddictionary. This
dual randomization prevents spurious correlation learning by dis-
rupting label-specific motifs.

We did not employ unsupervised domain adaptation (UDA)
techniques, e.g. CDAN31, and achieved better results under the cross-
domain settings, indicating the strong generalization of TAPB. Note
that TAPB is a debiasing framework, and replacing encoders or
aggregators can further enhance performance. The components of
TAPB are generic, with the computation of backdoor adjustment

requiring the satisfaction of certain assumptions. The pseudocode of
our method is provided in Supplementary Algorithm 1.

Datasets and evaluation protocol
To ensure a rigorous and comprehensive assessment, we evaluated the
model’s classification performance across four publicly available
datasets under six settings: in-domain and cross-domain splits of Bin-
dingDBandBioSNAPdatasets, in-domain split of theDavis dataset, and
cold split of the Human dataset. Supplementary Note 1 and Supple-
mentary Table 1 provide an overview of the datasets. Additionally,
Supplementary Note 5 and Supplementary Fig. 3 reveal “target prior
bias” in the Davis dataset and “drug prior bias” in the Human dataset.

For the in-domain splits, datasets were randomly divided into
training, validation, and test sets in a 7:1:2 ratio. Notably, in these in-
domain scenarios, targets exhibit significantly higher overlap across
training, validation, and test sets compared to drugs. In contrast, the
cross-domain splits-constructed by DrugBAN-consist of a source
domain training set, a target domain training set, and a target domain
test set, with no overlap between source domain drugs/targets and the
target domain data (CVS4).

For all datasets, we performed five independent runs with differ-
ent random seeds and reported the area under the receiver operating
characteristic curve (AUROC), the area under theprecision-recall curve
(AUPRC), accuracy, sensitivity, and specificity. The Youden Index was
adopted to adjust the optimal threshold, offering a more effective
balance between sensitivity and specificity. For the in-domain splits,
we selected the model checkpoint with the highest validation AUROC
and reported test set performance. Following DrugBAN’s protocol for
cross-domain datasets, we trained models without domain adaptation
techniques on the source domain and evaluated them directly on the
target domain test set, reporting the resulting metrics.

We compared TAPB with five baseline models-MolTrans7,
TransformerCPI15, DrugBAN12, PSICHIC8, and MlanDTI9. Unlike these
models, which rely on P(Y∣D, T) for predictions, TAPB computes
P(Y∣D, do(T)) via backdoor adjustment for predictions. The hyper-
parameter settings for TransformerCPI,MolTrans,DrugBAN (on the in-
domain splits of BindingDB, BioSNAP, and Davis and cold split of the

a bDrug Biased Training set c

“Balanced” Training set Pos
Negd e f
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Fig. 4 | Construction of drug-biased and “balanced" training sets, and t-SNE
visualization of classification features (D, R) and (T, R) for DrugBAN. a A sketch
of the drug biased training set construction. b Test of “target bias" in the drug-
biased training set using (T, R). c Test of “drug bias" in the drug-biased training set

using (D,R).dA sketch of the “balanced" training set construction. e Test of “target
bias" in the “balanced" training set using (T, R). f Test of “drug bias" in the
“balanced" training set using (D, R).

Article https://doi.org/10.1038/s41467-025-66915-1

Nature Communications |        (2025) 16:10867 6

www.nature.com/naturecommunications


Human dataset), DrugBAN-da (on the cross-domain splits of Bin-
dingDB and BioSNAP datasets), TAPB, PSICHIC, and MlanDTI are
detailed in Supplementary Note 4 and Supplementary Tables 9–15. For
each model, hyperparameters remained consistent across all datasets
unless otherwise specified. The key hyperparameters of TAPB-target
confounder dictionary size, target random deletion ratio, and muta-
tion rate-were tuned on the cross-domain split of the BioSNAP dataset,
as shown in Supplementary Fig. 1. Accordingly, comparative conclu-
sions were not drawn from this dataset. A summary of the per-seed
AUROC and AUPRC values across all hyperparameter tuning experi-
ments is provided in Supplementary Note 2 and Supplementary
Table 2.

In-domain comparison
TAPB exhibits comprehensive dominance over all baselines on the in-
domain split of theBioSNAPdataset, as evidencedby its larger polygon
area across each evaluation metric in Fig. 6a. As shown in Supple-
mentary Table 3, compared to the next best baseline PSICHIC, TAPB
shows significant improvements: a 2.3% increase in AUROC; 2.2% in
AUPRC; 2.7% in accuracy; 3.4% in sensitivity; and 1.9% in specificity.
These statistically significant gains underscore TAPB’s effectiveness in
alleviating target prior bias.

Despite the severe “target bias” in BindingDB, where models can
achieve high performance bymerelymemorizing the target-leading to
strong results across all baselines-we still conducted a fair comparison.
As illustrated in Fig. 6b, TAPB maintains strong competitiveness, nar-
rowly trailing the top-performing method DrugBAN by only 0.2% in
AUROC and 0.3% in AUPRC as shown in Supplementary Table 3,
demonstrating competitive performance.

Notably, TAPB outperforms all baselines across every metric on
the Davis dataset, as shown in Fig. 6c. Supplementary Table 3 con-
firms that it exceeds the strongest baseline, PSICHIC, by 2.1% in
AUROC and 7.4% in AUPRC-the largest performance gap observed
among all datasets. This underscores TAPB’s exceptional ability to
capture complex interaction patterns. In the challenging cold split
scenario of the Human dataset, where “drug bias” is the dominant
one, we also evaluated TAPB’s performance under this opposite
condition. As shown in Fig. 6f, TAPB maintains competitive perfor-
mance, surpassing DrugBAN by 2.0% in AUROC and 2.8% in AUPRC,
and outperforming three out of five baselines. This result demon-
strates that TAPB, although designed to alleviate “target bias", also
achieves strong performance on drug-biased datasets, highlighting
its robustness and generalizability beyond its intended application
context.

Cross-domain comparison
As illustrated in Fig. 6d, e, TAPB exhibits excellent cross-domain gen-
eralization capabilities. Comprehensive performance comparisons are
provided in Supplementary Table 4. On the cross-domain split of the
BindingDBdataset, TAPBmaintains strong competitiveness, delivering
notable results with an AUROC of 0.676, accuracy of 0.630, and spe-
cificity of 0.565, while surpassing DrugBAN-da (w/ CDAN) by 7.5% in
AUROC, 5.8% in AUPRC, and 5.1% in accuracy. Notably, even without
using domain adaptation, our method still outperforms DrugBAN-da
and exhibits superior generalization, validating the effectiveness of
our debiasing framework. The results on the cross-domain split of the
BioSNAP dataset, as shown in Fig. 6d, are included for completeness,
for the interested reader.
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Fig. 5 | Architecture of the TAPB framework. a TAPB Interventional Training: The
drug encoder BERT fd( ⋅ ) generates drug features D from SMILES. ESM-2 pre-
extracted target features E undergo amino acid randomization and are then pro-
cessed by the CAM gt. All cluster centers ci ∈ C act as keys/values in CAM gt with E.
Fused features F are partitioned into I segmentsFci

, each globally pooled and fed to
classifier g 0

y for estimating confounder-conditioned probabilities P(Y∣D, T, ci).
Finally, P(Y∣D, do(T)) is computed via backdoor adjustment. b Target Confounder

Dictionary C: Obtained via K-Means clustering on ESM-2 target features from
training sets. c Amino Acid Randomization: 1. Random deletion of 70% residue
features; 2.Mutationof remaining residues to random features from the amino acid
dictionary. d Confounder Alignment Module (CAM, gt( ⋅ )): Attention-weighted
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TAPB’s strong cross-domain generalizability stems from its core
approach of mitigating target prior bias, thereby avoiding reliance on
spurious target-label correlations. Conventional models relying on
P(Y∣D, T) to predict drug-target interactions exhibit severe perfor-
mance degradation when encountering out-of-distribution targets. In
contrast, TAPB’s interventional training paradigm, which incorporates
amino acid randomization, disrupts these spurious correlations. Our
method enables consistent generalization beyond training distribu-
tions, allowing TAPB to disentangle authentic DTI patterns from
dataset-specific biases.

Ablation study
We conducted ablation studies on three datasets: the in-domain
split of the Davis dataset, and the cross-domain splits of the
BioSNAP and BindingDB datasets. Using a total of seven TAPB variants,
these studies were designed to comprehensively evaluate the impact
of our key components: (1) TAPB-CNN: Replacing the ESM-2
encoder with an untrained CNN, (2) TAPB-Base: Baseline dual-tower
architecture with ESM-2 encoders, binary classification loss, and
average pooling (w/o interventional training), (3) TAPB-R: TAPB-Base
augmented with amino acid randomization, (4) TAPB-RM: TAPB-R
enhanced with masked language modeling (MLM) loss, (5) TAPB-RM-
BA: TAPB-RM with backdoor adjustment (without CAM, omitting
Xt → C → T), (6) TAPB-RM-CAM: TAPB-RM with CAM (w/o backdoor
adjustment), and (7) TAPB-Full: Complete TAPB model integrating
all proposed components (ESM-2, randomization, MLM, CAM,
and backdoor adjustment). Unless specified, all experiments of
TAPB were conducted with identical hyperparameters to those in
Supplementary Table 13. Each experiment included five independent
runs with different random seeds. Comprehensive ablation results

and residue random deletion generalizability are presented in Sup-
plementary Tables 5–8.

ESM-2 encoder contribution: Given ESM-2’s strong representation
capacity, we ablated its usage in the TAPB-Base architecture by repla-
cing it with a randomly initialized CNN encoder (denoted TAPB-CNN).
As shown in Fig. 7a–c, TAPB-Base significantly outperformed the
TAPB-CNN, demonstrating the advantage of pretrained protein
encoders. Meanwhile, to confirm that the ESM-2 features do not
cause “target bias", we conducted “target bias” and “drug bias” tests
on the “balanced” dataset introduced in our previous section,
as detailed in Supplementary Note 3. As shown in Supplementary
Fig. 2, neither test exhibited clustering similar to that in Fig. 2, indi-
cating that incorporating the ESM-2 encoder enhances target repre-
sentation and does not cause “target bias", which is primarily triggered
by the data.

Amino acid randomization and MLM loss: Amino acid randomi-
zation significantly enhances model performance and serves as the
most direct approach to prevent model from memorizing the target,
thereby avoiding insufficient learning of interaction patterns. As
shown in Fig. 7a–c, TAPB-R consistently achieves higher AUROC and
AUPRC scores than TAPB-Base across all three datasets, particularly on
the Davis dataset, demonstrating the effectiveness of our randomiza-
tion strategy and validating the rationale behind preventing target
memorization. TAPB-RM marginally outperforms both TAPB-R and
TAPB-Base on all three datasets. Although the performance improve-
ment is less pronounced compared to amino acid randomization, the
drug MLM loss effectively strengthens drug representation in target-
biased datasets, thereby reducing the influence of the target.

Interventional training: According to our theoretical analysis,
TAPB requires both CAM and backdoor adjustment to compute

a b c

d e f

Fig. 6 | Radar chart comparisons of performance on BioSNAP and BindingDB,
Davis, andHuman. a In-domain evaluation on BioSNAP.b In-domain evaluation on
BindingDB. c In-domain evaluation on Davis. d Cross-domain evaluation on

BioSNAP. e Cross-domain evaluation on BindingDB. f Cold-split evaluation on
Human. Experiments were performed with five different random seeds across all
datasets. Source data are provided as a Source Data file.
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P(Y∣D, do(T)). Solely employing CAM violates the assumptions of our
SCM, while the backdoor adjustment is specifically designed for our
SCM and is theoretically invalid without CAM. To validate this, we
designed ablation variants-TAPB-RM-BA, TAPB-RM-CAM, and TAPB-
Full. As shown in Fig. 7a–c, when operating with only one module,
TAPB-RM-BA and TAPB-RM-CAM exhibit comparable performance,
while significant performance gains are exclusively observed in TAPB-
Full. This pattern is particularly pronounced on the Davis dataset and
consistently evident across the BioSNAP and BindingDB datasets. The
comparative analysis of these three variants empirically validates that
our theoretically grounded design aligns with the expected theoretical
outcomes.

Generalizability of residue random deletion: To test the general-
izability of our approach, we integrated residue random deletion
into DrugBAN (Non_DA) and TransformerCPI, using the hyperpara-
meters specified in Supplementary Tables 16 and 9, respectively.
Only residue random deletion was selected because our residue
mutation and interventional training require both a pretrained
encoder and MHCA-based aggregation. Results on the cross-domain
split of the BioSNAP dataset are as shown in Fig. 7d, TransformerCPI
with random deletion exhibited substantial gains of nearly 10% in
both AUROC and AUPRC, while DrugBAN with random deletion
showed a 1% AUROC improvement over the baseline. This
discrepancymay arise from TransformerCPI’s aggregator architecture
being more suitable for modeling DTI under this modification. These

results confirm our residual random deletion as a general, model-
agnostic design.

Interpretability of TAPB
TAPB provides insights at both molecular and amino acid levels,
offering useful information for drug repurposing. The model
uses eight attention heads in the final layer of the aggregator,
each capturing distinct interaction patterns. These attention maps
are visualized to interpret the model’s focus. To highlight
potential binding sites, we aggregate the multi-head attention
maps by averaging over the attention heads, yielding separate
attention scores for drugs and targets. These scores are
compared with ground truth ligand–protein interaction maps
obtained from X-ray crystallography, with interactions visualized
contacts within 5 Å radius of ligand. For targets, key regions
around binding sites are highlighted based on attention maps,
with important amino acids distinctly colored. The model-predicted
interactions matching the ground truth are marked with a red box.
Additionally, the top five atoms in the drug attention maps, which
indicate their predicted contributions to binding, are visualized using
RDKit32.

Docking calculations were performed using AutoDock Vina
(v1.2.5)33. 2D ligand–protein interaction diagrams were generated with
the Ligand Interaction Diagrammodule inMaestro (v13.5, Schrödinger
LLC), and 3D interaction diagrams were prepared using PyMOL (v2.5,

a b

c d

Fig. 7 | Ablation studies results. a Ablation study of TAPB key components on the
Davis dataset. b Ablation study of TAPB key components on the cross-domain split
of the BioSNAP dataset. c Ablation study of TAPB key components on the cross-
domain split of the BindingDB dataset. d AUROC and AURPC of TransformerCPI,
TransformerCPI w/ random deletion, DrugBAN, and DrugBAN w/ random deletion

on the cross-domain split of the BioSNAPdataset. Ablation studies were performed
with five different random seeds across all datasets. Box plots display the median
(centre), 25–75th percentiles (box bounds), andminima-maximawithin 3 times IQR
(whiskers). Individual data points (n = 5) are overlaid. Source data are provided as a
Source Data file.
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Schrödinger LLC; https://pymol.org), with other residues, secondary
structure elements, and surface maps shown in gray.

Two positive co-crystallized structures sourced from the Protein
Data Bank (PDB)34 were chosen from the BioSNAP in-domain test set:
Aloisine A (PDB ID: 1UNG)35 and Elaidamide (PDB ID: 1KQU)36.

For PDB ID: 1UNG, Aloisine A (RP107) is a potent cyclin-dependent
kinase (CDK) inhibitor. TAPB’s drug attention identifies these hydro-
gen bonds and interaction sites in both 2D and 3D docking diagrams,
as indicated in Fig. 8a0, a1, a3, a5 and a7, b, d. The model captures a
nitrogen atom acting as a hydrogen bond acceptor, interacting with
the main chain of CYS83, while another nitrogen atom acts as a
hydrogen bond donor interacting with the same residue, as displayed
in Fig. 8a0, a7. Furthermore, Fig. 8c0, c1, c4, c5, c6, c7 emphasizes the

role of CYS83 in ligand-protein binding, further validating TAPB’s
precise detection of the true binding sites.

For PDB ID: 1KQU(Human phospholipase A2 complexed with a
substrate analog), Elaidamide is a fatty acid amide that has been
found in the cerebrospinal fluid of sleep-deprived cats and inhibits
human synovial phospholipase A2 (PLA2). TAPB accurately identifies
these interaction sites: the hydroxyl group acting as a hydrogen
bond donor, interacting with the main chain of GLY29, and the
amino group functioning as a hydrogen bond donor, interacting
with HIS47 and ASP48, as depicted in Fig. 8e0, e7, g0, g1, g4, g5. The
target attention map correctly highlights the significance of GLY29,
HIS47, and ASP48 in ligand-protein binding, as illustrated in Fig. 8
g0, g1, g4, g5. We again present 3D and 2D docking diagrams,

Fig. 8 | Visualization of TAPB’s attention maps and comparison with actual
ligand-protein binding sites. aDrugAloisine A 2D structurewith top 5 highlighted
atomsbasedonattentionmaps.bThe interactions and real binding sites of Aloisine
A in the ligand-protein complex structure (PDB ID: 1UNG). c Target attentionmaps
for 1UNG, highlighting amino acids in the protein structure. d The interactions and
real binding sites of Aloisine A in ligand-protein complex structure (PDB ID: 1UNG).

e Drug Elaidamide 2D structure with top 5 highlighted atoms based on attention
maps. f The interactions and real binding sites of Elaidamide in the ligand-protein
complex structure (PDB ID: 1KQU). g Target attention maps for 1KQU, highlighting
amino acids in the protein structure. h The interactions and real binding sites of
Elaidamide in the ligand-protein complex structure (PDB ID: 1KQU). The dashed
lines in the 3D interaction diagrams represent H bound.
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showing two hydrogen bonds within 5 Å, as depicted in Fig. 8f and h,
respectively.

Although DTI models from previous studies provided interpret-
ability and could reveal hidden interactions, they were trained on
biased data, making them susceptible to “target prior bias” and
potentially genuine interactions. TAPB effectively identifies and miti-
gates this bias, markedly improving the accuracy of interaction
detection. Consequently, TAPB provides more reliable predictions for
downstream computational screening and experimental validation.

Discussion
Our study successfully identifies and mitigates “target prior bias,” a
phenomenon that has been underappreciated in previous studies.
Through a series of experiments, we confirmed that “prior tendency,”
characterized by the imbalanced label distribution of targets, is a
confounder that leads to a spurious correlation between targets and
predictions in DTI prediction. Our proposed framework, TAPB, effec-
tively addresses this bias by employing amino acid randomization,
CAM and interventional training. These methods not only improve
generalization but also yield stronger predictive capability, ultimately
producing a more robust and reliable model.

The concept of “prior tendency” in this study extends beyond
merely the distribution of labels in the dataset. It encompasses a
broader spectrum of potential biases that can arise from various
sources, including specific functional groups in drugs, subsequences
in targets, or even other non-sequence features37. This bias can lead
models to capture spurious correlations rather than genuine drug-
target interactions, thereby impairing their generalization. The miti-
gation of bias is not limited to backdoor adjustment alone. Various
approaches, including contrastive learning in multimodal framework,
e.g. CLIP38 and ConPLex39, can effectively address this bias. However, it
is crucial to recognize that eliminating prior bias does not guarantee
complete bias removal, as other forms of bias40 may persist. Achieving
truly accurate and reliable DTI prediction remains an ongoing chal-
lenge that requires sustained research efforts and methodological
innovations. Future DTI models should be trained on datasets that are
as free as possible from such biases and should be evaluated based on
biological metrics rather thanmerely algorithmic performance. These
biological metrics could potentially be distinct from the labels present
in the training data, thereby compelling the model to uncover more
authentic interactions.

Although TAPB accurately predicts the binding sites for both
Aloisine A and 1UNG, and Elaidamide and 1KQU, it also generates a
significant amount of noise. For instance, only a few attention heads in
Fig. 8a, e explore the true binding sites, and there is low consistency
across heads in predicting these sites. Similarly, for the target, as
shown in Fig. 8c, g, the attention weights for each amino acid are
relatively small, likely due to the long sequence and the Softmax nor-
malization. Additionally, the attention heads that focus on drug and
target interactions are different, suggesting that the model may not
fully synchronize the relevant attention mechanisms for both. This
inconsistency implies that TAPB’s predictions are not entirely stable
and could be influenced by latent biases, similar to “target prior bias."

UDA techniques, e.g. CDAN31 used in DrugBAN12 and MCD41 used
in UdanDTI16, require access to both source and target domain data for
model adaptation, which typically leads to improved cross-domain
generalization performance. In contrast, we aim to explore a more
universal and convenient zero-shot prediction paradigm, where TAPB
utilizes only the source domain training set. This approach avoids the
computational burden and application complexity associated with
repeatedly constructing target domain sets and retraining for novel
drugs or targets. Our comparisons with UdanDTI are provided in
Supplementary Note 6, Supplementary Tables 17, 18.

There have been numerous efforts to construct unbiased data-
sets, yet creating a completely unbiased DTI dataset remains

challenging. In this paper, we provide new insights to address bias
from causal perspective. The implications of our findings extend
beyond DTI prediction, as the “prior tendency” phenomenon could be
prevalent in other domains. Future research could explore the appli-
cation of TAPB in other areas, e.g. DTA11, multi-view fusion42, or VQA43,
where similar biasesmayoccur. Additionally, further investigation into
the mechanisms underlying “prior tendency” from causal lens could
lead to the development of more robust models that are less suscep-
tible to spurious correlations. As DTI prediction continues to evolve,
the integration of causal inference techniques will be crucial in
ensuring that models capture genuine interactions and generalize
effectively to new data.

Since the confounder is unobservable, we attempted to imple-
ment the proxy variables based confounder adjustment method from
ref. 44. However, significant computational challenges emerged when
integrating this into our deep learning pipeline, particularly regarding
the reliable estimation of the distribution and numerical instability
during matrix inversion.

Notably, current biological dataset constraints limit proxy vari-
ables to sequence-derived features, whichmay not sufficiently capture
the full spectrum of confounding biological mechanisms. Future
incorporation of multimodal data, e.g. structural or functional anno-
tations, could enhance proxy quality by providing orthogonal infor-
mation sources that better approximate latent confounders.

While causal inference theory provides principled solutions for
unobserved confounders, e.g. refs. 44–46, adaptation to deep learning
frameworks remains nontrivial. We explicitly acknowledge these lim-
itations in our discussion and will prioritize bridging this methodolo-
gical gap in future work, with particular focus on multimodal proxy
refinement.

While our adjustment for C satisfies the backdoor criterion and
is theoretically exact for causal effect identification in the SCM
of Fig. 9b, where amino acid randomization effectively disrupts tar-
get patterns, different valid adjustment sets may vary significantly
in their finite-sample performance. As demonstrated by Runge47, in
SCM with hidden variables, multiple adjustment sets can be
theoretically equivalent for causal identification but exhibit different
asymptotic variances. For observable adjustment sets, there exist
optimal minimal adjustment sets that yield the smallest asymptotic
variance among all minimal valid sets48. Our choice of adjusting for C
balances statistical robustness and computational efficiency,
acknowledging that while alternative valid adjustment sets might
offer improved statistical efficiency in certain scenarios, they may
entail higher computational costs or data requirements. Future work
could explore optimal adjustment set selection specifically for DTI
predictions.

Methods
Analysis DTI through causal inference
We construct a structural causal model (SCM)49 to demonstrate the
causal relationships within the DTI model. As shown in Fig. 9a, there
are 6 nodes and 6 edges in the conventional DTI model’s SCM, and
TAPB introduces an additional node C and establishes the path
Xt → C → T. Xd represents SMILES in training set, Xt represents target
sequences in training set,D represents drug feature extracted by drug
encoder fd( ⋅ ), T represents target feature extracted by target encoder
ft( ⋅ ), C represents our target confounder dictionary obtained via
K-Means clustering, F represents the fusion feature, and Y represents
the prediction. “Target prior bias” hides in Xt.

Xd→D: Thispath indicate that the drug featureD is extracted from
the SMILES Xd in the training set.

Xt→C→T: This path indicates that the target featureT is extracted
from the sequence Xt via the clustering C.

D→ F andT→ F: These twopaths indicate the generation of fusion
feature F by aggregator F ð�Þ.
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F → Y: This path indicates that the prediction Y is based on fusion
feature F.

Xt → Y: This path indicates that the prediction Y is affected by Xt,
i.e., the “target prior bias” causes biased prediction.

Figure 9a shows that SCM exists backdoor paths T ← Xt → Y. From
causal lens, the prior of Xt confounds T and Y, leading to spurious
correlations. To suppress this bias, a more effective mechanism is
needed to handle the actual causal relationship between drug, target,
and predictions.

TAPB encoders. Drug encoder: We employ BERT with rotational
position encoding (RoPE)50 as the drug encoder. The input SMILES
sequences Xt in one training batch are tokenized using Molformer51

dictionary and tokenizer, and then embedded into a high-dimensional
representations Ed 2 RB × Ld ×Dm :

Ed = Embedding ðXdÞ ð7Þ

where B denotes the batch size, Ld denotes the length of Xt and Dm

denotes the dimension of themodel. Next, TAPB stacks n layers (n = 3)
of BERT layers with RoPE to construct more complex and abstract
contextual representations. The output D 2 RB × Ld ×Dm of the entire
drug encoder is a context-sensitive depth representation of the input
drug SMILES:

D= f dðEdÞ= BERT ðEdÞ ð8Þ
Target encoder: We employ ESM-252 as the target encoder. ESM-

2 is employed as the ESMFold protein feature encoder, replacing
multiple sequence alignment (MSA) and structural template parts,
with positional embeddings modified to RoPE, and supports longer
amino acid sequence encoding. Given that ESMFold is trained on
significantly larger datasets and demonstrates competitive perfor-
mance compared to AlphaFold53, ESM-2 exhibits exceptional cap-
ability in extracting 3D structural information from protein
sequences, making it highly suitable for drug-target interaction (DTI)
prediction tasks. The input target amino acid sequences Xd in one
training batch are tokenized using the ESM-2 dictionary and tokeni-
zer, and then embedded into high-dimensional representations
Et 2 RB × Lt ×De :

Et =EmbeddingðXtÞ ð9Þ

where Lt denotes the length of Xt and De denotes the dimension of the
ESM-2 encoded feature. The ESM-2 is then used to extract ESM-2

encoded features E 2 RB × Lt ×De :

E= f tðEtÞ= ESM-2 ðEtÞ ð10Þ
In practical training, ESM-2 encoded features are pre-extracted

and saved, significantly reducingmemory burden and accelerating the
training process.

Aggregator
FollowingTransformerCPI, TAPB adopts the sameaggregatorF ð�Þwith
Multi-head Cross Attention (MHCA), which is essential for our esti-
mation of confounder-conditioned probabilities P(Y∣D, T, ci). First,
each fusion layer of the aggregator takes the output of the previous
layer F 2 RB × Ld ×Dm into the self-attention layer, followed by residual
connection and layer normalization:

F= LayerNormðF+ Self Attention ðF,F,FÞÞ ð11Þ

The output F is then transformed through a linear layer to obtain
Q 2 RB × Ld ×Dm , while target features T are projected via two separate
linear layers into K 2 RB× Lt ×Dm and V 2 RB× Lt ×Dm , which are fed into
the cross-attention layer followed by residual connection and layer
normalization:

F=LayerNormðF+MHCAðQ,K,VÞÞ ð12Þ

The MHCA is formally defined as:

MHCAðQ,K,VÞ= gaðConcatðh1, . . . ,hiÞÞ ð13Þ

hi = Softmax
QiKi

>ffiffiffiffiffiffi
dk

p
 !

Vi ð14Þ

where Qi 2 RB× Ld ×Dk corresponds to the i-th head split from Q, while
Ki,Vi 2 RB × Lt ×Dk represent the i-th head split from K and V respec-
tively, ga( ⋅ ) is a dimension-preserving linear layer, the MHCA in the
aggregator contains H heads, and Dk = Dm/H. A feed-forward network
(FFN)with residual connection and layer normalization is then applied:

F=LayerNormðF+ FFNðFÞÞ ð15Þ

Three identical aggregator layers are stacked, completing the
aggregator architecture for TAPB. Next, we introduce how to suppress
“target prior bias” and estimate P(Y∣D, do(T)).

a b c

CAM

Fig. 9 | SCM of conventional DTI models and TAPB. a SCM of the conventional
DTI models exhibiting “target prior bias.” b SCM of biased training without amino
acid randomization, adding C into Xt → T. c SCM for P(Y∣D, do(T)) where do(T)

blocks the path Xt → C → T. We compute P(Y∣D, do(T)) via backdoor adjustment
without actual intervention.
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Amino acid randomization
Amino acid randomization includes 2 parts: residue random deletion
and residue feature mutation.

Residue random deletion: As shown in Fig. 5c, for each ESM-2
encoded feature, 70% of their residues are randomly deleted, except
the [cls] token, akin to the approach used by Masked Autoencoders
(MAE)54 where 75% of image patches are masked.

Residue featuremutation: After residue randomdeletion, for each
remaining residue feature except special tokens in batch, has a 80%
probability of remaining unchanged, and a 20% probability of being
replaced by a random residue feature in the amino acids dict. The
amino acid dict is obtained by average pooling every kind of amino
acid feature (i.e., the last hidden state) extracted by ESM-2 in the
training set.

By randomly deleting and independently mutating residues, we
create a scenario akin to a randomized experiment that helps to dis-
rupt the backdoor path T ← Xt → Y. Intuitively, amino acid randomi-
zation can preventmodels frommemorizing the spurious correlations
between targets and labels. Furthermore, the residue randomdeletion,
reducing the sequence length, lowers computational costs, thereby
accelerating training and allowing for the exploration of largermodels.
This is essential for deepening our understanding of the extensive and
complex space of drug-target interactions.

TAPB interventional training
To adjust confounders in Fig. 9a, the backdoor adjustment for SCM in
Fig. 9a is formulated as:

PðY jD,doðTÞÞ=
X
xt

PðxtÞPðY jD,T,Xt = xtÞ ð16Þ

Regrettably, this is infeasible. Unlike previous causal debiasing
vision models, e.g. IFSL55, VCRCNN56 or IBMIL57, whose tasks involve
specific objects and observable confounders-the learned preferences
in DTI models (potentially corresponding to protein families, sub-
sequence lengths, or other latent factors) constitute unobservable
confounders.

Furthermore, computing P(Y∣D, T, Xt) for every Xt presents
implementation challenges in deep learning frameworks: Since
target sequences Xt remain static in non-augmented datasets,
each target feature T corresponds to a single sequence and
confounder category. Thus, for each DTI pair (D, T), the model
can only predict one P(Y∣D, T, Xt) per forward. While inserting xt-cor-
responding sub-sequences (if observable) during data augmentation
could theoretically satisfy exact backdoor adjustment, this
approach would increase computational costs-requiring additional
forward/backward per augmented (D, T) pair-incurring prohibitive
resource overhead and architectural inefficiency. Since Xt is unobser-
vable, direct estimation of P(Y∣D, T, Xt) is infeasible. However, under
the causal assumptions of Fig. 9b, the confounder dictionary C serves
as a valid adjustment set that is theoretically equivalent to adjusting
for Xt.

Unlike previous deep learning debiasing methods, e.g. VCRCNN56

and IBMIL57, that employ the Normalized Weighted Geometric Mean
(NWGM)58 to approximate the backdoor adjustment, we implement
theoretically exact backdoor adjustment formula by estimating
P(Y∣D, T, ci) for all ci ∈ C to compute P(Y∣D, do(T)), while maintaining
computational efficiency in deep learning frameworks. Our SCMyields
the backdoor adjustment:

P Y jD,doðTÞð =
X

i
PðY jD,T, ciÞPðciÞ ð17Þ

where ci denotes cluster centers. As shown in Fig. 5b, confounder
dictionary C and P(ci) are derived as follows: We cluster ESM-2-
encoded features E (preceding T generation) via K-Means30 across the

training set, and use the resulting cluster centers to construct a
confounder dictionary C 2 RI ×De . Here, I is the dictionary size
(equivalent to the number of heads H in the aggregator’s MHCA).
Since ESM-2 was pre-trained on disjoint datasets, DTI label leakage
risks are eliminated. The sample proportion per cluster serves as the
adjustment weight P(ci).

The path Xt → C → T is established via our confounder alignment
module (CAM) gt( ⋅ ). As shown in Fig. 5e, CAM fuse cluster centers
ci ∈ C serves as the key Ki and value Vi for a distinct attention head
within gt( ⋅ ), where they interact with the ESM-2 features E:

Ti =Softmax
QiKi

>ffiffiffiffiffiffi
dk

p
 !

Vi ð18Þ

T= gðConcatðT0,T1, . . . ,TiÞ+EÞ ð19Þ

whereQi represents the i-th head of linear projected E, whileKi and Vi

correspond to the i-th cluster center ci projected through separate
linear layers. HereDk denotes the dimension of i-th headQi, and g( ⋅ ) is
a linear layer RB× Ld ×De ! RB× Ld ×Dm . CAM incorporates confounder
features ci into the E via multi-head attention. Since amino acid
randomization disrupts the original confounding information and
pattern within the target features, this enables confounder-
conditioned features to be integrated into T, establishing the path
X → C → T. Note that computational costs remain minimal since
I ≪ length(Xt).

To approximately estimate all confounder-conditioned prob-
abilities P(Y∣D, T, ci) within per forward, we leverage the independent
interactionmechanism ofMHCA in the aggregator. Eq. (14) shows that
MHCA partitions features along the embedding dimension into h
independent heads. SinceK and V remain invariant across layers, each
Qi can individually extract ci-relevant information. Due to this inde-
pendent interaction mechanism, decomposing MHCA output into I
heads yields distinct Fci

2 RB× Ld ×Dk approximations. This enables
simultaneous estimation of all P(Y∣D, T, ci) in one forward. Note thatH
must equal the confounder dictionary size I and satisfy that Dm is
divisible by H.

The resulting output feature F 2 RB× L×Dm , where Dm = I × Dk, is
then split along its feature dimension into I segments, each corre-
sponding to one confounder cluster:

F= Fc0
,Fc1

, � � � ,Fci

h i
ð20Þ

Here, Fci
represents the feature segment associated with the i-th

confounder cluster. Finally, after applying average pooling to each Fci
,

a classification head gy( ⋅ ) is used to estimate all P(Y ∣D, T, ci) :

PðY jD,T, ciÞ=SoftmaxðgyðFci
ÞÞ ð21Þ

then, we can parameterize Eq. (17) via TAPB in the following form:

PðY jD,doðTÞÞ=
X
i

PðciÞSoftmaxðgyðFci
ÞÞ ð22Þ

Therefore, P(Y∣D, do(T)) can be computed via Eq. (22) and inte-
grated into deep learning training to adjust for confounders. Under
our SCM in Fig. 9c, this implementation provides a theoretically exact
estimation of the causal effect, while maintaining computational effi-
ciency in deep learning frameworks. The binary classification loss Lb

for TAPB can be denoted as follows:

Lb = �
X
i= 1

yi logðŷiÞ ð23Þ
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where yi is the label, and ŷi is the predicted probability (i.e., from Soft-
max) for class i. Furthermore, we follow the masked language
modeling in BERT to enhance the semantic features extracted by the
drug encoder fd( ⋅ ). Specifically, 15% of all tokens in each sequence are
randomly selected, with an 80% probability of being replaced by a
[mask] token, a 10% probability of remaining unchanged, and a 10%
probability of being replaced by a random token. The masked tokens
are then predicted using fd( ⋅ ) and gm( ⋅ ), and the lossLmlm is calculated
by:

Lmlm = �
XN
i= 1

XLd
j = 1

mij logPðwijjHiÞ ð24Þ

where N is the number of samples, mij is a binary mask (1
position j is masked, 0 otherwise), and P(wij∣Hi) denotes the
predicted probability for the token wij at position j of the i-th
sample, with Hi 2 RDm representing the contextual representations
generated by the fd( ⋅ ). The total lossL for the TAPB can be denoted as
follow:

L=Lb +Lmlm ð25Þ

The integration of amino acid randomization with our TAPB
interventional training framework establishes a generalizable metho-
dology for other DTI models, requiring only that the dataset exhibits
“target prior bias” while utilizing both MHCA and a pre-trained target
encoder.

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

Data availability
The BioSNAP, BindingDB, andHumandatasets are publicly available at
DrugBAN12 GitHub repository (https://github.com/peizhenbai/
DrugBAN). Davis dataset is available at ConPLex39 GitHub repository
(https://github.com/samsledje/ConPLex_dev). All datasets are also
available at our GitHub repository (https://github.com/GaomingL1n/
TAPB). Source data are provided with this paper.

Code availability
The source code, visualization details, and implementation details of
this study are freely available at our GitHub repository (https://github.
com/GaomingL1n/TAPB) with a DOI59 of https://doi.org/10.5281/
zenodo.17350833.

References
1. Liu, J. et al. Drug repositioning by multi-aspect heterogeneous

graph contrastive learning and positive-fusion negative sampling
strategy. Inf. Fusion 112, 102563 (2024).

2. Chen, Y.-C. Beware of docking! Trends Pharmacol. Sci. 36,
78–95 (2015).

3. Cortes, C. & Vapnik, V. Support-vector networks. Mach. Learn. 20,
273–297 (1995).

4. Ho, T.K. Random decision forests. In Proceedings of International
Conference on Document Analysis and Recognition, 1, 278–282
(IEEE, 1995).

5. Wu, Y., Gao,M., Zeng,M., Zhang, J. & Li, M. Bridgedpi: a novel graph
neural network for predicting drug-protein interactions. Bioinfor-
matics 38, 2571–2578 (2022).

6. Zheng, S., Li, Y., Chen, S., Xu, J. & Yang, Y. Predicting drug-protein
interaction using quasi-visual question answering system. Nat.
Mach. Intell. 2, 134–140 (2020).

7. Huang, K., Xiao, C., Glass, L. M. & Sun, J. Moltrans: molecular
interaction transformer for drug-target interaction prediction.
Bioinformatics 37, 830–836 (2021).

8. Koh, H. Y., Nguyen, A. T., Pan, S., May, L. T. & Webb, G. I. Physico-
chemical graph neural network for learning protein-ligand inter-
action fingerprints from sequence data. Nat. Mach. Intell. 6,
673–687 (2024).

9. Xie, Z., Tu, S. & Xu, L. Multilevel attention network with semi-
supervised domain adaptation for drug-target prediction. In Pro-
ceedings of the AAAI Conference on Artificial Intelligence, 38,
329–337 (AAAI, 2024).

10. Lee, I., Keum, J. & Nam, H. Deepconv-dti: Prediction of drug-target
interactions via deep learning with convolution on protein
sequences. PLoS Comput. Biol. 15, e1007129 (2019).

11. Nguyen, T. et al. GraphDTA: predicting drug-target binding affinity
with graph neural networks. Bioinformatics 37, 1140–1147 (2021).

12. Bai, P., Miljković, F., John, B. & Lu, H. Interpretable bilinear attention
network with domain adaptation improves drug-target prediction.
Nat. Mach. Intell. 5, 126–136 (2023).

13. Wishart, D. S. et al. Drugbank: a knowledgebase for drugs, drug
actions and drug targets. Nucleic Acids Res. 36,
D901–D906 (2008).

14. Gilson, M. K. et al. Bindingdb in 2015: a public database for med-
icinal chemistry, computational chemistry and systems pharma-
cology. Nucleic Acids Res. 44, D1045–D1053 (2016).

15. Chen, L. et al. Transformercpi: improving compound-protein
interaction prediction by sequence-based deep learning with self-
attention mechanism and label reversal experiments. Bioinfor-
matics 36, 4406–4414 (2020).

16. Zhang, P., Ma, J. & Chen, T. Escaping the drug-bias trap: Using
debiasing design to improve interpretability and generalization of
drug-target interaction prediction. IEEE/ACM Trans. Comput. Biol.
Bioinf. 22, 1902–1911 (2025).

17. Niu, Y. et al. Counterfactual VQA: a cause-effect look at language
bias. In Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition. 12700–12710 (IEEE, 2021).

18. Liu, Y., Wu, M., Miao, C., Zhao, P. & Li, X.-L. Neighborhood regular-
ized logistic matrix factorization for drug-target interaction pre-
diction. PLoS Comput. Biol. 12, e1004760 (2016).

19. Mastropietro, A., Pasculli, G. & Bajorath, J. Learning characteristics
of graph neural networks predicting protein-ligand affinities. Nat.
Mach. Intell. 5, 1427–1436 (2023).

20. LeCun, Y., Bottou, L., Bengio, Y. & Haffner, P. Gradient-based
learning applied to document recognition. Proc. IEEE 86,
2278–2324 (1998).

21. He, K., Zhang, X., Ren, S. & Sun, J. Deep residual learning for image
recognition. In Proceedings of the IEEE Conference on Computer
Vision and Pattern Recognition. 770–778 (IEEE, 2016).

22. Kipf, T.N. & Welling, M. Semi-supervised classification with graph
convolutional networks. In International Conference on Learning
Representations. (ICLR, 2017).

23. Hochreiter, S. & Schmidhuber, J. Long short-term memory. Neural
Comput. 9, 1735–1780 (1997).

24. Devlin, J., Chang, M., Lee, K. & Toutanova, K. Bert: Pre-training of
deep bidirectional transformers for language understanding. In
Proceedings of NAACL-HLT, 1, 4171–4186 (Association for Compu-
tational Linguistics, 2019).

25. Kim, J.-H., Jun, J. & Zhang, B.-T. Bilinear attention networks. Adv.
Neural Inf. Process Syst. 31, 1571–1581 (2018).

26. Vaswani, A. et al. Attention is all you need. In Conference on Neural
Information Processing Systems (NIPS, 2017).

27. Maaten, L., Hinton, G. Visualizing data using t-SNE. J. Mach. Learn.
Res. 9, 2579–2605 (2008).

28. Church, K. W. Word2vec. Nat. Lang. Eng. 23, 155–162 (2017).

Article https://doi.org/10.1038/s41467-025-66915-1

Nature Communications |        (2025) 16:10867 14

https://github.com/peizhenbai/DrugBAN
https://github.com/peizhenbai/DrugBAN
https://github.com/samsledje/ConPLex_dev
https://github.com/GaomingL1n/TAPB
https://github.com/GaomingL1n/TAPB
https://github.com/GaomingL1n/TAPB
https://github.com/GaomingL1n/TAPB
https://doi.org/10.5281/zenodo.17350833
https://doi.org/10.5281/zenodo.17350833
www.nature.com/naturecommunications


29. Koh, H.Y., Nguyen, A.T., Pan, S., May, L.T. & Webb, G.I. Physico-
chemical graph neural network for learning protein-ligand inter-
action fingerprints from sequence data. Nat. Mach. Intell. 6,
673–687 (2024).

30. Arthur, D. & Vassilvitskii, S. K-means++: the advantages of careful
seeding. In Proceedings of the eighteenth annual ACM-SIAM sym-
posium on Discrete algorithms, 1027–1035 (ACM, 2007).

31. Long, M., Cao, Z., Wang, J. & Jordan, M.I. Conditional adversarial
domain adaptation. Adv. Neural Inf. Process Syst. 31, 1647-
1657 (2018).

32. Landrum, G. Rdkit: A software suite for cheminformatics, compu-
tational chemistry, and predictive modeling. Greg. Landrum 8,
5281 (2013).

33. Trott, O. & Olson, A. J. Autodock vina: improving the speed and
accuracy of docking with a new scoring function, efficient
optimization, and multithreading. J. Comput. Chem. 31,
455–461 (2010).

34. Burley, S.K. et al. Protein Data Bank (PDB): the single global mac-
romolecular structure archive. Methods Mol Biol. 1607,
627–641 (2017).

35. Mapelli, M. et al. Mechanism of cdk5/p25 binding by cdk inhibitors.
J. Med. Chem. 48, 671–679 (2005).

36. Hansford, K. A. et al. D-tyrosine as a chiral precusor to potent
inhibitors of human nonpancreatic secretory phospholipase a2
(iia) with antiinflammatory activity. Chembiochem 4, 181–185
(2003).

37. Zeng, X. et al. Accuratepredictionofmolecular properties anddrug
targets using a self-supervised image representation learning fra-
mework. Nat. Mach. Intell. 4, 1004–1016 (2022).

38. Radford, A. et al. Learning transferable visual models from natural
language supervision. In International Conference on Machine
Learning. 8748–8763 (PMLR, 2021).

39. Singh, R., Sledzieski, S., Bryson, B., Cowen, L. & Berger, B. Con-
trastive learning in protein language space predicts interactions
between drugs and protein targets. Proc. Natl Acad. Sci. 120,
e2220778120 (2023).

40. Li, Y., Wang, H., Duan, Y., Jiheng, Z. & Li, X. A closer look at the
explainability of Contrastive language-image pre-training. Pattern
Recognit. 162, 111409 (2025).

41. Saito, K., Watanabe, K., Ushiku, Y. & Harada, T. Maximum classifier
discrepancy for unsupervised domain adaptation. In Proceedings of
the IEEE Conference on Computer Vision and Pattern Recognition.
3723–3732 (IEEE, 2018).

42. Qian, Y. et al. A survey on multi-view fusion for predicting links in
biomedical bipartite networks: Methods and applications. Infor-
mation Fusion. 117, 102894 (2024).

43. Antol, S. et al. Vqa: Visual question answering. In Proceedings of the
IEEE International Conference on Computer Vision. 2425–2433
(IEEE, 2015).

44. Miao, W., Geng, Z. & Tchetgen Tchetgen, E. J. Identifying causal
effects with proxy variables of an unmeasured confounder. Bio-
metrika 105, 987–993 (2018).

45. Kuroki, M. & Pearl, J. Measurement bias and effect restoration in
causal inference. Biometrika 101, 423–437 (2014).

46. Tchetgen, E. J. T., Ying, A., Cui, Y., Shi, X. & Miao, W. An
Introduction to Proximal Causal Inference. Statist. Sci. 39,
375–390 (2024).

47. Runge, J. Necessary and sufficient graphical conditions for optimal
adjustment sets in causal graphical models with hidden variables.
Adv. Neural Inf. Process Syst. 34, 15762–15773 (2021).

48. Smucler, E., Sapienza, F. & Rotnitzky, A. Efficient adjustment sets in
causal graphical models with hidden variables. Biometrika 109,
49–65 (2022).

49. Pearl, J. & Mackenzie, D. The Book of Why (Penguin Books, Har-
low, 2019).

50. Su, J. et al. Roformer: Enhanced transformer with rotary position
embedding. Neurocomputing 568, 127063 (2024).

51. Ross, J. et al. Large-scale chemical language representations cap-
ture molecular structure and properties. Nat. Mach. Intell. 4,
1256–1264 (2022).

52. Lin, Z. et al. Evolutionary-scale prediction of atomic-level protein
structure with a language model. Science 379, 1123–1130 (2023).

53. Jumper, J. et al. Highly accurate protein structure prediction with
alphafold. Nature 596, 583–589 (2021).

54. He, K. et al. Masked autoencoders are scalable vision learners. In
Proceedings of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition, 16000–16009 (IEEE, 2022).

55. Yue, Z., Zhang, H., Sun, Q. & Hua, X.-S. Interventional few-shot
learning. Adv. Neural Inf. Process Syst. 33, 2734–2746 (2020).

56. Wang, T., Huang, J., Zhang,H. &Sun,Q. Visual commonsense r-cnn.
In Proceedings of the IEEE/CVFConference onComputer Vision and
Pattern Recognition, 10760–10770 (IEEE, 2020).

57. Lin, T., Yu, Z., Hu, H., Xu, Y. & Chen, C.-W. Interventional bag multi-
instance learning on whole-slide pathological images. In Proceed-
ings of the IEEE/CVF Conference on Computer Vision and Pattern
Recognition, 19830–19839 (IEEE, 2023).

58. Xu, K. et al. Show, attend and tell: neural image caption generation
with visual attention. In International Conference on Machine
Learning. 2048–2057 (PMLR, 2015).

59. Lin, G. et al. TAPB: An Interventional Debiasing Framework for
Alleviating Target Prior Bias in Drug-Target Interaction Prediction.
Zenodo. https://doi.org/10.5281/zenodo.17350833 (2025).

Acknowledgements
This work is supported in part by the National Natural Science Founda-
tion of China (NSFC 62425107 to Q.Z., 62272418 to C.Z., 62172076 to
Y.D.), the Zhejiang Provincial Natural Science Foundation ofChina (Grant
No. LY23F020003 to Y.D.), and the Municipal Government of Quzhou
(Grant No. 2024D002 to Y.D., 2023D018 to X.Z.).

Author contributions
Y.D., C.Z., P.T., and Q.Z. supervised the research. G.L. contributed to the
overall design and experiments. G.L. and X.Z. contributed towriting and
editing the original manuscript. G.L., X.Z., Z.R., and Y.D. contributed to
refining and optimizing figures. G.L., X.Z., Z.R., Q.Z., P.T., C.Z., and Y.D.
contributed to the manuscript preparation and revision.

Funding
Open access funding provided by Halmstad University.

Competing interests
The authors declare no competing interests.

Additional information
Supplementary information The online version contains
supplementary material available at
https://doi.org/10.1038/s41467-025-66915-1.

Correspondence and requests for materials should be addressed to
Prayag Tiwari, Changjun Zhou or Yijie Ding.

Peer review information Nature Communications thanks Tom Michoel,
Haiping Lu and the other, anonymous, reviewer(s) for their contribution
to the peer review of this work. A peer review file is available.

Reprints and permissions information is available at
http://www.nature.com/reprints

Publisher’s note Springer Nature remains neutral with regard to jur-
isdictional claims in published maps and institutional affiliations.

Article https://doi.org/10.1038/s41467-025-66915-1

Nature Communications |        (2025) 16:10867 15

https://doi.org/10.5281/zenodo.17350833
https://doi.org/10.1038/s41467-025-66915-1
http://www.nature.com/reprints
www.nature.com/naturecommunications


Open Access This article is licensed under a Creative Commons
Attribution 4.0 International License, which permits use, sharing,
adaptation, distribution and reproduction in any medium or format, as
long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons licence, and indicate if
changes were made. The images or other third party material in this
article are included in the article's Creative Commons licence, unless
indicated otherwise in a credit line to the material. If material is not
included in the article's Creative Commons licence and your intended
use is not permitted by statutory regulation or exceeds the permitted
use, you will need to obtain permission directly from the copyright
holder. To view a copy of this licence, visit http://creativecommons.org/
licenses/by/4.0/.

© The Author(s) 2025

Article https://doi.org/10.1038/s41467-025-66915-1

Nature Communications |        (2025) 16:10867 16

http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
www.nature.com/naturecommunications

	TAPB: an interventional debiasing framework for alleviating target prior bias in drug-target interaction prediction
	Results
	DTI prediction formulation on sequence datasets
	Prior tendency causes biased predictions
	TAPB framework
	Datasets and evaluation protocol
	In-domain comparison
	Cross-domain comparison
	Ablation study
	Interpretability of TAPB

	Discussion
	Methods
	Analysis DTI through causal inference
	TAPB encoders

	Aggregator
	Amino acid randomization
	TAPB interventional training
	Reporting summary

	Data availability
	Code availability
	References
	Acknowledgements
	Author contributions
	Funding
	Competing interests
	Additional information




