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Abstract

Background Different expression levels of circular RNAs (circRNAs) affect the sensitivity of human cells to drugs, thus
producing different responses to the therapeutic effects of drugs. Using traditional biomedical experiments to dis-
cover and confirm sensitivity relationships is not only time-consuming but also costly. Therefore, developing an effec-
tive method to accurately predict new associations between circRNAs and drug sensitivity is crucial and urgent.
Therefore, we constructed a heterogeneous graph network MiGNN2CDS on the basis of multi-instance learning (MIL).

Results We first extracted similar features of circRNAs and drugs and the structural features of drugs to construct

a heterogeneous network. To learn the deep embedding features of the heterogeneous network, we designed

a heterogeneous graph convolutional network (GCN) architecture. By introducing instance learning, we subsequently
designed a pseudo-metapath instance generator and a bidirectional translation embedding projector BiTrans to learn
the metapath-level representation of circRNA-drug pairs. Finally, an interpretable multiscale attention network

joint predictor was designed to achieve accurate prediction and interpretable analysis of circRNA-drug sensitivity
associations.

Conclusions MiGNN2CDS achieves better prediction accuracy than many state-of-the-art models do. Case studies
show that MiGNN2CDS can effectively predict unknown associations, and the model interpretability of MiGNN2CDS
is verified by high-confidence meta-path analysis. The code and data are available at https://github.com/nmt315320/
MiIGNN2CDS.git.

Keywords CircRNA—-drug sensitivity association, Multi-instance learning, Heterogeneous graph neural network,
Interpretable analysis
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Background

Circular RNAs (circRNAs) are a group of covalently
closed-loop RNA molecules without 3" or 5 ends [1,
2]. An increasing number of drug sensitivity correlation
analyses have shown that circRNA expression affects the
sensitivity to multiple drugs [3-5]. Recent studies have
shown that CircKDM4 C can regulate the miR-548p/
PBLD axis to inhibit tumour progression and enhance
chemosensitivity to doxorubicin [6]. The overexpression
of circRNA-CREIT significantly increases the chemical
sensitivity of triple-negative breast cancer (TNBC) cells
to DOX [3]. circSMARCAS5 is a tumour suppressor that
can increase the sensitivity of cancer cells in non-small
cell lung cancer (NSCLC) to cisplatin and gemcitabine
[7]. Hua reported that circRNACEP128 is upregulated in
glioma tissues and that the control of circRNACEP128
can control the proliferation of glioma cells and increase
the cytotoxicity of temozolomide by regulating miR-
145-5p [8]. In addition, while research on the regula-
tion of glioma angiogenesis by circRNAs was conducted,
Meng et al. reported that CircSCAF11 can increase cell
resistance to temozolomide through positive regulation
of CircSCAF11 [9]. In NSCLC cells, the overexpression
of circ_0001946 induces cisplatin sensitivity and apop-
tosis. In addition, forced expression of circ_0002483
and circ_0030998 significantly inhibited NSCLC and
increased paclitaxel sensitivity [10]. The high expression
of Circ-HER2 in TNBC can increase sensitivity to per-
tuzumab, which provides a new treatment direction for
TNBC and has important clinical significance [11]. Exo-
somal circATG4B participates in reducing the sensitiv-
ity of CRC cells to chemotherapy, providing a theoretical
basis for the treatment of CRCL-OHP drug resistance
[12]. Reducing the expression of circPDHKI in ¢ccRCC
cells can increase the sensitivity of cell lines to TKI drugs
(such as sunitinib and pazopanib) [13]. These studies
indicate that circRNAs can play important roles in regu-
lating sensitivity and resistance to chemotherapy drugs
and that the exogenous introduction of tumour suppres-
sion-related circRNAs may be a new strategy for cancer
treatment.

Researchers can increase sensitivity to chemotherapy
drugs by targeting specific circRNA molecules, which
can promote the discovery of molecular biomarkers of
drug response and help clinicians develop more effective
treatment plans [14—16]. Identification of circRNA-drug
sensitivity associations (CDSAs) is highly important for
drug development. Biological experimental methods for
identifying CDSA are usually small-scale, time-consum-
ing and costly. Therefore, to improve efficiency and iden-
tification accuracy, current scientific research urgently
needs to develop computational methods to predict
CDSAs.
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CDSA prediction is a new research hotspot. There are
currently relatively few research results available. Bo
Yang proposed MNGACDA, which uses a node atten-
tion graph to explore the embedding of circRNAs and
drugs and uses an inner product decoder to predict asso-
ciations [17]. Shanghui Lu used dual-type multirelation
heterogeneous graphs based on a multimodal network to
predict associations [18]. Guanghui Li used a deep walk-
aware graph attention network(GAN) to extract feature
information fully to improve the prediction accuracy
[19]. Guanghui Li also proposed MNCLCD, which uses
random walk restart to effectively capture useful features
and uses a hybrid neighbourhood graph convolutional
network (GCN), contrastive learning, and dual Laplace-
regularized least squares [20]. Yue Luo used dual-view
learning and path mask graph autoencoders to predict
associations [21]. Zigiang introduced the characteris-
tics of the disease, constructed a multimodal network
to learn deep features, and used the random forest (RF)
algorithm to predict associations [22]. Lei Deng used the
graph attention autoencoder algorithm to extract the
representation of circRNAs/drugs to improve accuracy
[23]. In the above studies, GCN has shown good poten-
tial in accurately predicting the CDSA. However, these
methods ignore the importance of meta-paths in learning
representations on heterogeneous graphs of circRNAs
and drugs. In addition, existing studies lack analyses of
model interpretability. Multi-instance learning (MIL) can
leverage bag-level information for learning, enabling it
to perform well in few-shot scenarios while also provid-
ing a certain degree of interpretability [24, 25]. Moreo-
ver, MIL, a method for aggregating multiple meta-paths
corresponding to a specific CDSA pair, has not yet been
applied to the CDSA prediction problem.

In this study, we propose a novel heterogeneous graph
network MiGNN2 CDS based on MIL for CDSA pre-
diction. The MiGNN2 CDS architecture contains four
modules: (1) First, the heterogeneous network is con-
structed. Similar features of circRNAs and drugs and
structural features of drugs are extracted. (2) A hetero-
geneous graph node embedding extractor, which uses a
heterogeneous GCN to learn deep features of circRNAs
and drugs. (3) A metapath instance embedding projector,
which constructs a new metapath instance generator and
bidirectional translation embedding projector BiTrans to
learn metapath representations of CDSA. (4) An inter-
pretable association predictor of a multiscale attention
network, which realizes accurate prediction and inter-
pretable analysis of CDSA on the basis of a multiscale
interpretable joint predictor of the attention mechanism.
The experimental results demonstrate that MiGNN2
CDS has higher prediction accuracy than do many state-
of-the-art methods. Case studies show that MiGNN2
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CDS can effectively predict unknown associations. The
experimental results demonstrate the robustness of the
MiGNN2 CDS. The model interpretability of MiGNN2
CDS is verified by analysing high-confidence metapaths.
The framework diagram of our model MiGNN2 CDS is
shown in Fig. 1.

Results

Parameter analysis

The learning rate (LR) is a hyperparameter that deter-
mines the step size for updating model parameters dur-
ing training. A typical approach is to try various LRs and
evaluate the performance of the MiGNN2 CDS at each
stage to find the best LR. Through literature review and
experience, five common LR strategies were selected.
By conducting experimental comparisons, the optimal
strategy was chosen based on performance. Therefore,
we compared the effects of three common LR decay
schemes (step-based scheme, linear, Adam) and two
fixed LRs (0.002, 0.0005). Figure 2A shows the perfor-
mance of the MiGNN2 CDS optimization process under
different LRs.

As shown in Fig. 2A, the accuracy, specificity, and
recall of the step-based scheme are significantly higher
than those of the other four schemes, which are 0.9,
0.4391, and 0.559, respectively. The values of the
F1-score, precision, AUC, and AUPR are not much dif-
ferent from those of the other strategies, but they are
also improved, and the performance is relatively good.
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An experimental comparison shows that the step-based
scheme is better than the other schemes. Therefore, we
choose the step-based scheme as the LR strategy.

In addition, since MIL is a key module of MiGNN2
CDS, it plays a decisive role in instance/bag embedding
and downstream prediction. Therefore, we compared
the performance of the BiTrans method in MiGNN2
CDS and three simpler alternative methods, namely,
sum, mean, and linear processing, and the results are
shown in Fig. 2B. MiGNN2 CDS-sum replaces the
BiTrans with the sum method; MiGNN2 CDS-mean
replaces the BiTrans with the mean method; and
MiGNN2 CDS-linear replaces the BiTrans with a linear
neural network layer.

As shown in Fig. 2B, compared with MiGNN2 CDS-
linear, the MiGNN2 CDS model with the BiTrans has a
relative improvement of 4%, 11%, 2%, 13%, 3%, and 5%
on average on 7 evaluation indicators; compared with
MiGNN2 CDS-sum and MiGNN2 CDS-mean, which
do not learn instance representations and only use sim-
ple operations to obtain instance representations, the
MiGNN2 CDS model yields a relative average improve-
ment of 8%, 13%, 1%, 13%, 1%, 8%, 2% and 12%, 18%,
3%, 14%, 0.2%, 3%, and 5% on 7 evaluation indicators.
The results show that BiTrans performs better than the
other methods do. We demonstrate through experi-
mental analysis that our carefully designed embedding
method for generating metapath instance embeddings
can predict the CDSA more accurately.
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Fig. 2 A Comparison of model performance under different LR schemes. B Comparison of model performance under different embedding-based
methods. C The change curve of the loss and AUC of the MiIGNN2 CDS model under different epochs. D The ROC curves of the MiGNN2 CDS model

Model robustness analysis

To prove that our model MiGNN2 CDS does not have
overfitting, this section statistically analyses the changes
in the loss and area under the receiver operating charac-
teristic (ROC) curve (AUC) of the training and validation
sets during the training phase and analyses the impact of
the number of epochs on model performance and model
convergence. The results are shown in Fig. 2C. The ROC
curve of fivefold cross-validation (FFCV) is shown in
Fig. 2D.

Figure 2C shows that with increasing epochs, the
AUC _train and AUC_validation of MiGNN2 CDS both
show an upward trend, and the overall Loss_train and
Loss_validation show a downward trend and gradually
stabilize; the model gradually converges, and the train-
ing results are gradually optimized. This proves that the
model has good robustness and that there is no overfit-
ting phenomenon. In addition, we present the ROC curve
and AUC values of the FFCV (Fig. 2D). The AUC values
are 0.944, 0.9224, 0.9734, 0.9422, and 0.9619. The ROC

curve of the 5 results is infinitely close to 1 and gradually
stabilizes, and the results of the 5 experiments are not
much different from the results of the FFCV, which has
strong robustness.

Ablation study of the MiGNN2 CDS
To prove the necessity of the MiGNN2 CDS network
architecture, we removed specific modules and designed
4 variants. The 4 variants are MiGNN2 CDS-HGCN,
which removes the HeteroGCN layer; MiGNN2 CDS-
Res, which removes the residual structure; MiGNN2
CDS-Attn, which replaces the attention-based instance
aggregation in MiGNN2 CDS with a simple average
package embedding process; and miGNN2 CDS-Multi,
which is a MiGNN2 CDS model without an instance pre-
dictor. The FFCV results of the 5 network architectures
are shown in Fig. 3A.

Fig. 3A shows that, compared with the 4 variant
models, MiGNN2 CDS has the best performance in
terms of the evaluation indicators. By comparison,
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Fig. 3 A Performances of MiGNN2 CDS and its variants. B Performance under different classification algorithms. C Performance under different
classification models. D Performance comparison of different classification methods

the performance of the MiGNN2 CDS-HGNN model
decreased the most. The performance of MiGNN2 CDS
is better than that of any variant model. Compared with
the performance of the MiGNN2 CDS-mutil model, it
can be observed that simply stacking the representation
learning modules (node embedding module, topological
subnet embedding module, and graph attention module)
leads to severe overfitting, thereby reducing the model’s
prediction accuracy for unknown CDSA. However, add-
ing a layer attention module can effectively mitigate the
degree of model overfitting. Combining it with other
modules can further increase the upper limit of the mod-
el’s representation ability, thereby improving prediction
performance. The experimental results show that delet-
ing any of the above specific modules reduces the accu-
racy of the MiGNN2 CDS. In short, these results prove
the rationality of the MiGNN2 CDS architecture

Model performance under different algorithms
Traditional machine learning models, although poten-
tially less flexible than deep learning (DL) models

in handling high-dimensional data and non-linear
problems, often provide more stable and interpret-
able results in scenarios with smaller data volumes
and lower feature dimensions. Therefore, to demon-
strate the effectiveness of our proposed DL model, we
compared our MiGNN2 CDS model to GNN, extreme
learning machine (ELM), RF, support vector machine
(SVM), and recommendation algorithm (recomm).
And we compare the results of the FFCV and inde-
pendent test set validation (ITSV) of the MiGNNCDS
model (For the comparative algorithms, we directly
used the default parameters). The experimental results
are shown in Fig. 3B. First, the performance of FFCV
and ITSV changed little. Then, the AUC of MiGNN2
CDS was significantly higher than that of RF and SVM.
The results of GNN, ELM, and recomm have greatly
improved, but the effect is still significantly worse
than that of MiGNN2 CDS. These results prove that
MiGNN2 CDS has good CDSA prediction ability.
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Comparison of the effects of different DL framework
Because CDSA prediction and disease association predic-
tion [26, 27] can be classified into the same problem, we
compared the MiGNN2 CDS with 8 other models to ver-
ify whether the MiGNN2 CDS model can effectively use
biological associations to improve model performance.
These models (MKGCN [28], MMGCN [29], MIN-
IMDA [30], LAGCN ([31], GANLDA [32], CRPGCN [33],
MKGAT) achieved good performance in disease asso-
ciation prediction. The MKGCN is a multimodal knowl-
edge GCN that enhances association recommendations.
MMGCN uses a multiview multichannel attention GCN
to predict miRNA—disease associations. MINIMDA uses
self-multimodal networks and multilayer perceptrons to
predict potential associations between miRNAs and dis-
ease. LAGCN uses a layer attention GCN to predict drug—
disease associations. GANLDA uses a GAN to predict
the associations between IncRNA and disease. CRPGCN
combines random walk and principal component analysis
to construct a GCN to predict the associations between
circRNAs and diseases. MKGAT uses a GAN and dou-
ble Laplace regularized least squares to predict the asso-
ciations between miRNAs and diseases. Here we present
the three indicators of AUC, specificity, and accuracy. The
results of other indicators are contained in Additional
file 1 Table S1. The results of the FFCV indicators of the 9
methods on the dataset are shown in Fig. 3C.

By comparison, we can see that MiGNN2 CDS has
achieved the best performance among all indicators.
Compared with the average results of the other 8 models,
MiGNN2 CDS vyields relative improvements of 10.3, 15.4,
and 8.4% in terms of accuracy, specificity, and AUC, respec-
tively. The comparison proves that our proposed model can
achieve higher model performance on the benchmark data-
set than the previous prediction method can achieve.

Comparisons with state-of-the-art predictors

In this section, to demonstrate the performance of our
model, MiGNN2 CDS is compared with the state-of-
the-art computational frameworks DGATCCDA [20],
GATECDA [23], DPMGCDA [21], MNCLCDA [19],
MNGACDA [17], and DHANMKEF [18], and the results
are shown in Fig. 3D. Here we present the three indicators
of AUC, specificity, and accuracy. The results of other indi-
cators are contained in Additional file 1 Table S2.

Our model MiGNN2 CDS achieves good results for
all three indicators. The MiGNN2 CDS has an accuracy
of 0.9, a specificity of 0.925, and an AUC of 0.945, which
are 5.6, 8.8, and 3.3% higher than those of DGATCCDA,
GATECDA, DPMGCDA, MNCLCDA, MNGACDA, and
DHANMKE. The DGATCCDA, GATECDA, MNCLCDA,
MNGACDA, and DHANMKEF algorithms use a variety of
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DL algorithms to extract deep features of circRNAs and
drugs, but the effect still needs to be improved, indicat-
ing that although it is important to extract deep features
of circRNAs and drugs, it is equally important to build
an effective prediction model. In short, the effectiveness
of the MiGNN2 CDS model we constructed is proven by
comparison with the current optimal algorithm.

Case study

After verifying the superiority of MiGNN2 CDS over pre-
vious methods in terms of model performance, this study
further explored the application potential of MiGNN2
CDS. We selected two common drugs for the case analy-
sis. First, we used data obtained from the GSDC database
to train MiGNNCDS and obtain the prediction score
matrix. Then, two drugs were randomly selected, the
corresponding prediction scores were extracted, and a
CTRP [34] was used to verify the predicted associations.
We chose the top 20 candidate circRNAs and displayed
them, and the results are shown in Tables 1 and 2.

The drug “methotrexate” (DrugBankID: DB00563) is a
broad-spectrum antitumour drug of the folic acid class
that is mainly used to treat a variety of cancers and auto-
immune diseases [35]. As a test drug, the top 20 potential
associated diseases predicted by the MiGNN2 CDS are
shown in Table 1. As shown in Table 1, 14 of the top 20
candidates with the highest prediction scores according
to MiGNN2 CDS were verified via the CTPR database.

The drug “crizotinib” (DrugBankID: DB11626560) is
a tyrosine kinase inhibitor that can inhibit the activity
of oncogene receptors such as anaplastic lymphoma
kinase, ROS1, and hepatocyte growth factor recep-
tor [36]. As a test drug, the top 20 potential associated
circRNAs predicted by the MiGNN2 CDS are shown
in Table 1. As shown in Table 1, the top 16 predictions
made by MiGNN2 CDS were verified by CTPR.

Table 1 The Top 20 circRNAs associated with the drug
methotrexate

Ranking circRNA Evidence Ranking circRNA Evidence
1 HEXIM1 ~ CRPT 1 Jup CRPT
2 VIM CRPT 12 GRK2 Nonsignificant
3 COL6 A1 CRPT 13 HSP90OB1 CRPT
4 SMAD1  Nonsignifi- 14 RGS3 CRPT
cant
5 OAZ1 Nonsignifi- 15 POLR2 A Nonsignificant
cant
6 DNAJB2 CRPT 16 LTBP1 CRPT
7 CTSB CRPT 17 KTNT CRPT
8 MATN2  CRPT 18 SYMPK  Nonsignificant
9 RHOA Nonsignifi- 19 FAT1 CRPT
cant
10 STAUT CRPT 20 ENO2 CRPT
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Table 2 The Top 20 circRNAs associated with the drug crizotinib

Ranking circRNA Evidence Ranking circRNA Evidence

1 MGAT4B  CRPT 1 PEA15  CRPT

2 CRIMT  CRPT 12 PNISR  CRPT

3 ASPH CRPT 13 SPARC  CRPT

4 MUC16  CRPT 14 GSE1 CRPT

5 ANXA2  CRPT 15 KRT19 CRPT

6 CALDT  CRPT 16 PHF21 A Nonsignificant

7 THBST  CRPT 17 CTTN CRPT

8 POLR2 A Nonsignifi- 18 ANP32B  Nonsignificant
cant

9 MEF2D  Nonsignifi- 19 PSAP CRPT
cant

10 PTMS CRPT 20 PLAU CRPT

The above results show that the MiGNN2 CDS
method can reveal drug-associated diseases that have
not appeared in the dataset and has the potential to dis-
cover new indications. However, the drug reposition-
ing model based on MiGNN2 CDS prediction requires
manual secondary inspection of the prediction results.

Interpretable analysis

Using appropriate interpretable methods to explain the
prediction results of the MiGNN2 CDS model can help
enhance the reliability of drug sensitivity association
results and promote the discovery of potential mecha-
nisms of action of circRNA drugs in treating diseases. In
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this study, MiGNN2 CDS uses an attention mechanism
to identify the top 3 metapath instances in a given cir-
cRNA-drug pair. Since the metapaths in MiGNN2 CDS
have biomedical importance, the metapath instances
can be used to explain the model prediction results to
discover the key groups and potential therapeutic phe-
notypes of circRNAs. We selected the circRNA-drug
association pair “ASPH-Trametinib” with the highest
prediction probability in the dataset as an example, out-
put the metapath instance of the association pair and its
attention coefficient, and used the metapath instance
corresponding to the Top 3 attention coefficient as a case
to explain the potential mechanism of action presented
by the circRNA-drug sensitivity association pair. The
overall workflow and results are shown in Fig. 4.

The results showed that MiGNN2 CDS first suc-
cessfully predicted the association information of the
CDSA; then, MiGNN2 CDS generated a meta-path
instance of “circRNA&circRNA<drugedrug” the
attention coefficient of the meta-path instance, which
was “ASPH-CUXI1-trametinib—nilotinib” The chemical
structure similarity of the drugs and the annotation of
the circRNAs were checked, and the explanation of this
meta-path instance was as follows. In the meta-path of
“ASPH-CUX1-trametinib-nilotinib”, both nilotinib and
trametinib are small-molecule tyrosine kinase inhibitors
used for cancer treatment. In terms of molecular struc-
ture, both nilotinib and trametinib contain a pyrid pyrim-
idine structure, which is a common feature of tyrosine

Trametinib

) (Drugbank ID: 01065)

MiGNN2CDS
Model

0.022 0.024 0026 0.028 0030 0032 0034 0036
Attention Coefficients

/' 4

gfgﬁrn

ASPH «— CUX1 +———— Trametinipo +~———————Hilotinib
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~—

Fig.4 Atypical example of practical CDSA predictions and model interpretability of MIGNN2 CDS
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kinase inhibitors. There is a strong association between
the two, and there is also evidence to prove the asso-
ciation between Trametinib and CUX1 [37]. Therefore,
the overall results suggest that this meta-pathway may
explain the CDSA association between CUX1 and nilo-
tinib, and all parts of the meta-pathway can be demon-
strated by chemical structures or references.

Discussion

The proposed MiGNN2 CDS framework demonstrates
significant advancements in CDSA prediction by MIL with
a heterogeneous GNN. Our model outperforms existing
methods, highlighting its ability to effectively capture con-
textual information and long-term dependencies in cir-
cRNA-drug interactions. The pseudometa-path generator
and bidirectional translation embedding method contrib-
ute to robust feature learning, while the multiscale inter-
pretable joint predictor enhances model transparency—a
crucial aspect for biomedical applications.

However, several challenges remain. First, the compu-
tational complexity of MiGNN2 CDS is higher than that
of traditional methods, which may limit its scalability in
large-scale applications. Future work could explore model
compression or efficient training strategies to mitigate this
issue. Second, the meta-path generation process, while
effective, may not fully capture all biologically relevant
regulatory pathways. Refining meta-path definitions using
domain knowledge or dynamic learning mechanisms could
improve reliability. Finally, dataset imbalance remains a
critical issue in association prediction tasks. Incorporat-
ing weighted networks or adversarial learning (e.g., GANs)
could help address bias and improve generalization.

Despite these limitations, MiGNN2 CDS represents a
meaningful step toward interpretable and context-aware
CDSA prediction, offering both methodological innova-
tion and practical utility for precision medicine.

Conclusions

In this study, we proposed MiGNN2 CDS, a novel het-
erogeneous graph network framework for circRNA-drug
sensitivity association (CDSA) prediction. By integrating
multi-instance learning (MIL) with a pseudometa-path
generator, bidirectional translation embedding, and a
multiscale interpretable predictor, our model achieves
state-of-the-art performance while providing biologically
meaningful explanations for predictions. Ablation stud-
ies confirm the contributions of key components, and case
analyses demonstrate the model’s real-world applicability in
identifying potential drug-circRNA interactions. However,
challenges such as computational complexity, meta-path
optimization, and dataset imbalance require further investi-
gation. Future work will focus on efficiency improvements,
dynamic meta-path learning, and imbalance-aware training
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strategies to enhance robustness. Overall, MiGNN2 CDS
advances the field by offering the first interpretable CDSA
prediction model with strong practical potential, paving
the way for more reliable and explainable computational
approaches in drug discovery and precision oncology.

Methods

Dataset

In this study, we used CDSA datasets provided in the lit-
erature [23] as our benchmark dataset. The dataset was
downloaded from the GDSC database [38], which col-
lects drug sensitivity data that are significantly related to
circRNA expression, as identified via the Wilcoxon test.
The GDSC database systematically characterized the cir-
cRNA expression profiles of 935 cancer cell lines in 22
cancer lineages from the Cancer Cell Line Encyclopedia
and analysed circRNA biogenesis regulators, the impact
of circRNAs on drug response, and the relationships
between circRNAs, mRNAs, proteins, and mutations. We
downloaded 80,076 associations involving 404 circRNAs
and 250 drugs from the database. Then, we defined the
associations with a false discovery rate less than 0.05 as
significant associations, which are the CDSA data in the
final dataset S (S is defined as Eq. (1)). Dataset S includes
4134 associations involving 271 circRNAs and 218 drugs.

s { 1, circRNAs are associated with drug sensitivity
ij =

0, circRNA is not associated with drug sensitivity (1)
where i and j are indices of circRNAs and drugs,
respectively.

CircRNA sequence similarity

In this section, we calculate the sequence similarity
between circRNAs on the basis of the Levenshtein dis-
tance [39]. First, we downloaded the circRNA sequence
data from NCBI. Then, for sequences A and B, the Leven-
shtein distance calculates the number of deletion, inser-
tion, and substitution operations required to transform A
into B; that is, the calculation formula is as follows:

t

CLAB) = 1= 10 @ + len(B) (2)

where t is the minimum cost of conversion between A
and B, and len (A) and len(B) are the sizes of A and B,
respectively.

Structural similarity of drugs

We know that the structure of a drug affects its func-
tion, and the fingerprint of a compound is necessary for
considering the similarity of compounds via a computer.
Therefore, the SMILES structural data of the drug were
downloaded from PubChem [40]. Then, the data are
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converted into RDKit molecular objects, and the topo-
logical fingerprint of each drug is calculated via the Tani-
moto method to express the structural similarity between
drugs. Ultimately, the drug structure similarity matrix
T was obtained. A compound topological fingerprint is
a method of encoding compound structure information
into a binary vector. Therefore, for Compounds C and D,
the similarity T calculation formula is shown in Eq. (3).

|C N D| 3
|C UD| ®)

T(C,D) =

where |C N D] is the number of elements in the intersec-
tion of C and D and where|C U D|represents the number
of elements in the union of C and D.

Gaussian kernel function similarity features

between CircRNAs and drugs

After the above steps, we obtain the sequence similarity
matrix CL of the circRNA. However, CL has sparse fea-
tures and cannot contain enough information. To obtain
a more comprehensive disease similarity, we use Gauss-
ian interaction profile kernel similarity (GIPKS) to sup-
plement the features [41]. The calculation formula of the
GIPKS matrix GC of a circRNA is shown in Eq. (4).

GC(c(i), ¢() = exp(—0.||V(c@) — V(i) 1)
(4)
be= S0 V@I )

0. and n d have the same meanings as 4 and m.
The GIPKS matrix GD of drugs is calculated via Eq. (6).

GD(d (i), d(j)) = exp(—04||V (d (@) — V(d())))| %)
(6)
Where 0, is the bandwidth of GIPKS.

1 m
ba=—> V@@ )

where m is the number of rows of M.

Characteristic fusion of CircRNAs and drugs

As mentioned above, we calculated the similarity features
CL, GC, T, and GD of circRNAs and drugs. Here, we fuse
the above features. The comprehensive similarity matrix
fusion formula of a circRNA is as follows:
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CSim(c(i),c()) = { credem o dG@C)(Z((;))) '53121{5;(%9) #0
(8)
Similarly, the formula for calculating the comprehen-
sive similarity matrix of drugs is Eq. (9).

T(d(i),d(j)) + GD(d(i),d (j))ifT @d(i), d(f)) # 0

DSim(d(i),d(j)) = { GD(d(i), d(j))otherwise
)

FV(c(i),d(j)) = [CSim(c(i)), DSim(d(j))]  (10)

Heterogeneous graph neural networks based

on MIL

The CDSA prediction problem can be understood as pre-
dicting the probability of whether there is an association
between the circRNA (c) and drug (d) nodes. Assume an
association graph G = (V, E), where V is a node set, E is
an edge set.

The heterogeneous graph node embedding extraction
module

The first step involved constructing a heterogeneous cir-
cRNA-drug network. When extracting heterogeneous graph
node embedding features, we added a feature conversion
layer to project multiple node features into the same dimen-
sion. The vector conversion process is shown in Eq. (11).

W.HO + b,

H(Linear) — [
Wi H ;0) + by

(11)

where H® and Hiio) are the initial features of the cir-
cRNA and drug, respectively. W, Wy, b, and b, is a
learnable parameter matrix.

We then designed heterogeneous GNN to learn deep
feature representations of circRNAs and drugs. After per-
forming graph convolution, the heterogeneous graph fea-
tures of the Ith layer can be obtained. We then used an
aggregator to learn the embeddings of neighbouring node,
achieving graph learning and node embedding updates.
For the circRNA/drug graph, the final embedded node in
the heterogeneous network layer of the Ith layer is Eq. (12).

! 0
HY =) Hj

12
= (12)

In addition, to alleviate the oversmoothing problem of
graph networks, we used a residual structure as the graph
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node embedding extractor as the final node embedding
H(node).

W,Conact(H, H},--- ,HY
HO = ( W1 ()
W aConact(HY, HY,--- ,HY)

Metapath-level instance embedding projector

For pseudo-metapath generation, to generate appropri-
ate instances, we used the network topology to obtain
pseudo-metapaths as ¢; — ¢; instances. First, we define
a metapath of the form “circRNA < circRNA & drug
& drug” The intermediate circRNA node ¢, and drug
node d,, sample survival from the adjacent node sets
N, and Ngj; that is, the metapath form is expressed as
“ci — ¢y — dy — dj”. The process is expressed in Eq. (14).

I= [cicndmdj],‘v’cn € N¢,andd,, € Ndi (14)

Moreover, the node embedding vector learned by the
node encoding module is used to represent the instance
representation H

H(Node) H(Node) H(Nade) H(N ode)

(1 n) =

H¢ (Node) H(N ode> ]

(15)
H(Node)H(Node)H(Nade)H(Node)

Then, we proposed a bidirectional translating embed-
ding approach (BiTrans) to aggregate and update the
representations of meta-path instances. For a given undi-
rected meta-path “c; — ¢y — dy — dj’, we divided
it into two directed meta-path “c; — ¢, — dy — dj’
and “dj — d,; — ¢y — ¢;. And used a “c; — d;” and
“dj — ¢;” to acquire aggregated embeddings with differ-
ent message passing directions. The two directed instance
representations H i Cu—dm—d; and Hd;—>dm—>cn—>c,- are
obtained via Eq. (16) and Eq. (17).

= Mean(Mean(Linear (Mean(Hq,ch)),Hdk),H,il.)

(16)

Hecpsdp—a;

Hy a4, —c,—c; = Mean(Mean (Lineur (Mean (Hd,, yHg,, ) ) ,He, ) yHe;)
(17)
Finally, we concatenate the representations of the two

directed instances as the final metapath instance represen-
tation H (I") (as Eq. (18)).
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(In) ConCﬂt(Hci—w,,—nim—nl/erj—>dm—>c,,—>c,~)
ci—dj —

I8

Concut(HL‘i*)Cn‘)dmﬁd," Hd,'*)dm%cnﬁci)

Multiscale interpretable joint predictor

After obtaining the instance embedding of c¢; —dj, we
design a multiscale interpretable predictor that uses an
attention mechanism to obtain a packa% e”-level represen-
tation and attention coefﬁmentacl le d +

aci_dl.HE?ffZ = Attention(Hgf) " wALn At

(19)

where WA " and g4**" is the trainable parameter matrix.

The attention mechanism can aggregate metapath

instance embeddings and dynamically adjust the impor-

tance weights. Through the importance of weights, we can

find the metapath that is most important for model expla-

nation. If there are k metapaths, the weight of the Mth
metapath can be expressed as Eq. (20).

1
war = M Z q’ 'Lineur(Hg”))

(20)
k<M
where g is the attention vector.
The final package that embeds H i f‘fl) is Eq. (21).
(Bag) _ Unm) gy Im)
He,- —d; z D Hop (21)

k<M

Among them, in the package predictor, we use a multi-
layer perceptron (MLP) [42] to output association proba-
bilities a;, .

(Bag)
C i

MLP(H‘B“g)) (22)
In the instance predictor, we use the inner product with
a linear layer to predict the association probability of all
metapath instances; that is, the association probability
a n)
matrix a,, 1s Eq. (23).

T
ai O‘(Hci—wn—)dm—’dj WHd/—>dm—>c”—>ci)
(In) _ . [ . ]

Yoa; = | : | T :
am U(Hci—>c,,—>d,,,—>d,-WH,f,._,dm%ﬁCi)
(23)
Therefore, we use TOP K filtering [43] to force the
instance predictor to focus on the reliable instances with the
highest K attention coefficients. Therefore, the predicted
association probability a( ") 1s Eq. (24).
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I
ai ") -al

ay"y = MeanMaxiop(( 1 1) (24)
In)
am - aM
For a given circRNA-drug pair ¢; — dj, the output of its
association probability is Eq. (25).

(Bag) _(In)
ac,—a; = Mean(a, "5 ,a.” ;)

(25)

Before averaging, we use a feature conversion layer
to project the latent space of the head node type to the
latent space of the tail node type. Therefore, the cal-
culation of projector p,_; and projector p,_. can be
expressed as Egs. (26) and (27).

Projector,_, <H gﬂ o> dp—d; >
= Mean(Mean (Linear(Mean (Hci’HCn))7Hdk)’Hdi)
(26)
Projector,_, (H gi) Ccu>d—d; )

= Mean(Mean (Linear (Mean (HdiJHdm>>,Hc,,>,Hci)
(27)

Evaluation metrics

To fully evaluate the prediction performance of the
MiGNN2 CDS, we conducted FFCV on the data-
set S. We used seven common evaluation indicators:
AUPR, AUC, accuracy, recall, precision, specificity,
and Fl-score. In addition, we plotted the ROC curve
to intuitively show the performance of our model. The
larger the AUC and AUPR values are, the better the
prediction performance of the model [44].

Abbreviations

circRNA  Circular RNA

TNBC Triple-negative breast cancer

NSCLC Non-small cell lung cancer

MIL Multi-instance learning

DL Deep learning

GAN Graph attention network

GCN Graph convolutional neural network
CDSA CircRNA—drug sensitivity association
RF Random forest

LR Learning rate

ROC Receiver operating characteristic
AUPR Precision—recall curve

AUC Area under the ROC curve

FFCV Fivefold cross-validation

ELM Extreme learning machine

SYM Support vector machine

TSV Independent test set validation
GIPKS Gaussian interaction profile kernel similarity
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