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Identifying the active natural compounds remains a challenge for drug discovery, and new algorithms 
need to be developed to predict active ingredients from complex natural products. Here, we proposed 
Meta-DEP, a Meta-paths-based Drug Efficacy Prediction based on drug-protein-disease heterogeneity 
network, where Meta-paths contain all the shortest paths between drug targets and disease-related 
proteins in the network and drug efficacy is measured by a predictive score according to drug disease 
network proximity. Experiments show that Meta-DEP performs better than traditional network 
topology analysis on drug-disease interaction prediction task. Further investigations demonstrate that 
the key targets identified by Meta-DEP for drug efficacy are consistent with clinical pharmacological 
evidence. To prove that Meta-DEP can be used to discover active natural compounds, we apply it to 
predict the relationship between the monomeric components of traditional Chinese medicine included 
in the TCMSP database and diseases. Results indicate that Meta-DEP can accurately predict most of 
the drug-disease pairs included in the TCMSP database. In addition, biological experiments are directly 
used to demonstrate that Meta-DEP can mined active compound from traditional Chinese medicine 
with integrating disease transcriptomic data. Overall, the model developed in this study provides new 
impetus for driving the natural compound into innovative lead molecule. Code and data are available at 
https://github.com/t9lex/Meta-DEP.
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Abbreviations
Metapath	� A path between two nodes where the edges can have different semantics
Meta-DEP	� Meta-paths-based drug efficacy prediction based on drug-protein-disease heteroge-

neity network
TCMSP database	� Traditional chinese medicine systems pharmacology database and analysis platform
TCM	� Traditional chinese medicine
AI	� Artificial intelligence
XJEK	� Traditional chinese medicine compound prescription Xin-Ji-Er-Kang
PPI	� Protein-protein interaction
DGIdb	� Drug-gene interaction database
DisGeNET repository	� A database of gene-disease associations
repoDB database	� Drug repositioning database
Metapath2vec	� Scalable representation learning for heterogeneous networks
TSNE	� t-distributed stochastic neighbor embedding
RNN	� Recurrent neural network
ReLU	� Rectified linear unit
Softmax	� Normalized exponential function
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MSE	� Mean squared error
CrossEntropyLoss	� Cross-entropy loss function
AC16	� Human cardiomyocyte cell line
CCK-8	� Cell Counting Kit-8 Reagent
ROS	� Reactive oxygen species
TUNEL	� Terminal dexynucleotidyl transferase(TdT)-mediated dUTP nick end labeling
CDCDB	� A large and continuously updated drug combination database
MI	� Myocardial ischemia

Throughout history, natural compounds have played a pivotal role in the prevention and treatment of diseases. 
Traditional Chinese medicine (TCM), a product of millennia of clinical practice, boasts remarkable therapeutic 
effects and high safety, thus emerging as a rich source of natural compounds for innovative drug research1. 
Typically, TCM comprises a meticulous blend of multiple herbs, harboring numerous potentially therapeutic 
active ingredients2. However, the complexity nature of TCM poses significant challenges in the identification 
and isolation of these active components through wet-lab experiments3. Therefore, the development of efficient 
approaches for identifying active compounds in TCM holds immense potential in in facilitating the transition 
of TCM into modern therapeutics.

Currently, many computational approaches have been proven to greatly facilitate the discovery of active 
compounds from TCM4. These methods are mainly divided into two categories, including single-target based 
and network-based. Single-target based methods, such as ligand-based virtual screening and protein structure-
based virtual screening, directly predict the interactions between ligands and disease proteins, thereby identifying 
active molecules in TCM5. Nevertheless, this approach may overlook the intricate and multifaceted nature of 
TCM, which often involves numerous components and targets.

Conversely, network-based approaches offer a comprehensive understanding of the pharmacological 
mechanisms of action of drugs and enable researchers to systematically investigate the intricate interactions 
between drugs and biological systems6. Network pharmacology, as a network-based approach, is currently 
extensively utilized for the identification of active molecules in TCM. Within this framework, network 
construction and network analysis are two pivotal steps. Network construction primarily involves the seamless 
integration of three crucial types of databases: compound-target related databases, disease-gene related databases, 
and protein-protein interaction databases. By analyzing the topological properties of drug nodes within the 
constructed network, the active substances in TCM can be ultimately determined7,8. To further enhance the 
accuracy of predictions, a new network analysis method called Network-based Proximity has been developed to 
predict drug efficacy9, and some studies have demonstrated that this method can better identify active molecules 
in TCM10. Nevertheless, the complexity of the analysis steps in network pharmacology limits its application to 
a certain extent.

The recent decades have witnessed the remarkable success of artificial intelligence (AI) technology in 
the field of drug discovery. With the improvement of computing power and accumulation of big data, AI is 
revolutionizing the traditional approach to drug research and development, significantly enhancing efficiency 
and success rates11,12. Based on drug-protein-disease interaction heterogeneous network, many deep learning 
approaches proposed for predicting drug-disease interactions13–16. These studies primarily focus on enhancing 
the accuracy and robustness of model predictions by enriching the information of network nodes, or leveraging 
the mechanistic information of drugs within the network to improve the interpretability of the models. However, 
it remains unknown whether deep learning models can directly quantify the drug-disease relationships solely 
based on the heterogeneous network of drug-protein-disease interactions, as well as discover active compounds 
from TCM.

To address the aforementioned research challenges, this study proposes a model called Meta-DEP, which 
stands for Meta-paths-based Drug Efficacy Prediction leveraging the drug-protein-disease heterogeneity 
network. This model is built upon the previously reported deep learning frameworks for predicting drug-
disease interactions17, with the aim of directly and quantitatively evaluating drug efficacy. Experimental results 
demonstrate that the model developed in this study can accurately predict the relationships between most active 
compounds in traditional Chinese medicine (TCM) and diseases listed in the TCMSP database18. Furthermore, 
by integrating disease transcriptomic data, it is capable of identifying the active monomeric components 
within the TCM compound prescription Xin-Ji-Er-Kang19–21 which exert a protective effect against myocardial 
ischemia through exerting anti-inflammatory or mitochondrial damage-reducing mechanisms. In summary, the 
model proposed in this study offers fresh momentum for facilitating the transformation of traditional Chinese 
medicine formulas into innovative drugs, thus paving the way for novel therapeutic approaches.

Materials and methods
Data
Protein-protein interaction network
The Protein-Protein Interaction (PPI) network is derived from the Human Interactome dataset established 
by Albert-László Barabási and colleagues, which constitutes a comprehensive collection of 332,749 pairwise 
interacting bindings among 18,508 distinct human protein species22. We use the Python Networkx software 
package23 to obtain the largest connected subgraph of the Protein-Protein Interaction (PPI) network as our 
protein network. Following preprocessing steps, the final PPI network encompasses 311,210 interaction pairs 
connected by 17,329 unique proteins.
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Drug-protein associations
Drug-protein associations are derived from the Drug-Gene Interaction Database (DGIdb)24, a compendium 
integrating drug-gene interactions from a variety of publications, databases, and online resources. The DGIdb24 
employs a hybrid methodology combining expert curation with text-mining techniques to standardize 
information across 41 distinct sources, ultimately assembling 54,591 drug-gene interactions involving 41,102 
individual genes and 14,449 separate drugs. In our study, we retrieved the coding genes for target proteins 
associated with specific drugs from the DGIdb24, followed by mapping these genes to their corresponding 
protein entities. Consequently, our constructed drug-protein interaction network details 7,713 distinct drug-
protein engagements among a set of 1,161 drugs and 2,019 proteins.

Disease-protein associations
Disease-protein linkages were obtained from the DisGeNET25 repository, a compendium that constitutes one 
of the most comprehensive assemblies of genes implicated in human pathologies. DisGeNET25 amalgamates 
data from expert-curated databases with knowledge harvested by means of text-mining techniques applied to 
the scientific literature, thereby harmonizing and standardizing information on disease-associated genes and 
genetic variations from various origins. This resource covers the entire breadth of human diseases along with 
both physiological and pathological phenotypes. The present iteration of DisGeNET25 enumerates over 24,000 
unique diseases and traits, involves 17,000 genes, and catalogues 117,000 genomic variations. In our study, 
we identified protein-coding genes associated with specific diseases and proceeded to map these genes onto 
their corresponding protein entities. Consequently, the systematically constructed disease-protein interaction 
network encompasses 11,482 disease-protein associations across 634 diseases and 9,109 proteins.

Drug–disease associations
In this study, we compiled a dataset of 1948 known drug indications from the repoDB database26. Only small 
molecule drugs approved by the United States Food and Drug Administration (FDA) were considered, and 
each drug’s generic name was standardized using Medical Subject Headings (MeSH) and the Unified Medical 
Language System (UMLS) vocabulary. A majority (75%) of the drugs were indicated for fewer than three disease 
conditions; conversely, only 4% of the drugs had therapeutic indications spanning over ten distinct diseases. 
Regarding disease coverage, 70% of the diseases had fewer than five associated drugs; 16% of the diseases 
were treated by a range of 5 to 10 drugs; and finally, 14% of the diseases had more than ten drugs available for 
treatment.

Drug-disease pairs score
Network-based proximity between drugs and diseases
A drug-disease proximity metric algorithm9 has been developed that quantifies the relationship between a drug 
and disease proteins based on their interactions within a network context, thereby facilitating the estimation of 
a drug’s therapeutic potential. The specific details of this measure are as follows:

The closeness between a drug and a disease was systematically quantified by employing distance metrics 
that consider the shortest path distances among drug targets and disease-associated proteins within a biological 
network. Given S, which represents the ensemble of proteins implicated in the disease state, T  denoting the 
collection of proteins targeted by the drug, and d(s, t) signifying the shortest path length between nodes s and 
t in the network, this methodology establishes a proximity metric to assess the relational proximity between 
drugs and diseases.

	
dc (S, T ) = 1

||T ||
∑

t∈ T mins∈ Sd (s, t)� (1)

To evaluate the statistical significance of the proximity between a drug and a disease (T, S), this methodology 
created a reference distance distribution corresponding to the expected distances between two randomly 
selected groups of proteins matching the size and the degrees of the original disease proteins and drug targets in 
the network. The reference distance distribution was generated by calculating the proximity between these two 
randomly selected groups, a procedure repeated 1,000 times. The mean µ d(S,T ) and σ d(S,T ) of the reference 
distribution were used to convert an observed distance to a normalized distance, defining the proximity measure:

	
z (S, T ) =

d(S, T ) − µ d(S,T )

σ d(S,T )
� (2)

This algorithm defines a drug as being proximal to a disease (suggesting a therapeutic effect) when the computed 
proximity metric z ≤ −0.15[9].

Construct the training data set
We map drug targets and disease proteins to the human interaction group network, and then use the drug-
disease proximity9 measure to calculate the score based on the network relationship to quantify the therapeutic 
effect of drugs on diseases. If the drug-disease proximity score z ≤ −0.15, the drug is defined as the proximal 
end of the disease, that is, the drug has a therapeutic effect on the disease. Otherwise regarded as no efficacy. In 
this study, 1785 unknown pairs were selected as negative samples through a random negative sampling strategy. 
And we utilized 1487 pairs of therapeutic drug-disease associations with scores less than − 0.15 out of 1948 pairs 
as true positive data. Simultaneously, we considered 461 pairs of drug-disease associations with scores greater 
than − 0.15 among 1785 pairs of negatively sampled drug-disease associations as true negative data. Then, the 
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true positive data and the true negative data were merged as the training set (Fig. S1). Subsequently, in order to 
facilitate the training of the model in subsequent steps, this study will convert the obtained network proximity 
scores in accordance with the following formula:

	 znew = −log (ez)� (3)

After conversion, if znew ≥ 0.065, the drug is considered to be at the proximal end of the disease.

The overall framework of Meta-DEP
The Meta-DEP framework is presented in Fig.  1. Meta-DEP model discerns the pathways related to drug-
disease interactions by traversing the shortest connections between drug targets and diseases within a 
complex, heterogeneous network composed of drugs, proteins, and diseases. To comprehend the overarching 
connectivity within this diverse graph structure, it initially utilizes Metapath2vec27 to generate feature vector 
for the constituent nodes. Then, to capture the detailed mechanism of drug action patterns, the embeddings 
of the nodes along the shortest paths between a drug and a disease are fed into an RNN28 module to model 
their sequential dependencies. Moreover, Meta-DEP incorporates a dual attention29 mechanism consisting 
of path attention and node attention. This design allows for the intelligent aggregation of node embeddings 
along the identified pathways, assigning relative significance to each node’s contribution to the overall pathway 
and variably weighting the relevance of distinct paths in influencing the final prediction outcome. Finally, to 
enhance the predictive capability of the model, the Meta-DEP architecture employs a multitask learning strategy 
involving both regression and classification tasks. The regression task predicts the proximity score between 
drugs and diseases, while the classification task performs binary prediction of drug efficacy.

Fig. 1.  Architecture of Meta-DEP.
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Metapath related to drug disease effects
To accurately model the effects of a drugs, it is imperative to identify the paths conveying drug-disease interaction 
information that effectively represent the mechanism of action. We prioritize these shortest paths because the 
shorter the distance between a drug and its disease target, the higher the likelihood of a therapeutic effect30–32. 
Utilizing the shortest paths algorithm from the Python Networkx software package23, we can systematically 
discern such pathways. Given a drug and a disease, the set of shortest paths connecting them within the context 
of a protein-protein interaction network comprises a series of P AT H = {path1, path2, . . . , pathL}, where 
each pathi = {nodem1 → nodem2 → . . . nodedisease}. Here, nodem1 and nodem2 denote intermediate 
nodes along a specific path, with L denoting the number of distinct shortest paths. These paths consist of 
interconnected nodes that bridge the gap between the starting drug node and the end disease node, thereby 
elucidating potential routes through which the drug may exert its effect on the disease.

Metapath2vec captures global connectivity information of drug-protein-disease heterogeneous networks
In the heterogeneous network of drugs, proteins, and diseases, which incorporates multiple node types and 
edges representing their interactions, Metapath2vec employs the strategic definition of metapaths to model 
the complex relationships among these entities and thereby encapsulate the global connectivity information 
(TSNE33 dimensionality reduction clustering visualization of feature representations obtained by different 
representation learning methods27,34–38, see Fig. S3). Within this drug-protein-disease heterogenous network, 
a specific metapath is defined as (drug, to, protein) , (protein, toprotein) , (protein, to, disease), which 
signifies a trajectory that conceptually connects a disease node through one or more intervening protein nodes 
back to another disease node; here, drug denotes a disease node, protein represents a protein node, and 
disease indicates a disease node. Based on this predefined metapath, Metapath2vec27 generates sequences 
of nodes by employing random walks throughout the network topology. Subsequently, it utilizes the Skip-
gram model during the training process to learn low-dimensional vector embeddings E ∈ RN× d for every 
individual node, where N  refers to the total number of nodes in the network and d is the dimensionality of the 
embedding space. This approach allows Metapath2vec27 to capture meaningful representations that encode the 
structural and relational properties inherent within the network structure.

Recurrent neural network
Given a drug–disease pair, the embeddings generated by the Metapath2vec27 and the shortest path set P AT H
, we employ RNN to encode both long-term and short-term dependencies in a Metapath. Such sequential 
dependencies are crucial to the model intelligibility. Given a node nodem and a path pathi, the input of the 
RNN recurrent neural network is the node embedding X  generated by Metapath2vec27. After the network 
accepts the input Xt at time t, the value of the hidden layer is St, and the output value is Ot. The value of St 
depends not only on Xt, but also on St−1. Specifically, it can be expressed by the following formula:

	 Ot = g(V ∗ St)� (4)

	 St = f(U ∗ Xt + W ∗ St−1)� (5)

Where X  is a vector, which represents the value of the input layer; S is a vector, which represents the value 
of the hidden layer. U  is the weight matrix from the input layer to the hidden layer, O is also a vector, which 
represents the value of the output layer; V  is the weight matrix from the hidden layer to the output layer. f  
is the nonlinear activation function of ReLU, and g denotes the Softmax function. The output of each node is 
aggregated to the attention module for each path to represent the entire path and the final prediction. Because 
the length of the shortest path is not equal, we use the filling method as follows. Assuming that the maximum 
length of a path is set to lmax, for the path that shorter than lmax, we use the padding value pad (such as 0) 
to fill the path, and the following processing ignores these padding positions to avoid affecting performance.

Node attention
In the context of a shortest Metapath pathp connecting a drug-disease pair, for each node produced by the 
RNN (Recurrent Neural Network)28, the output includes hidden state variables denoted as Op ∈ Rlmax× d, 
Op = {o1, o2, . . . , opad, opad} and opad are filled hidden states. Initially, all the hidden values at these filled 
positions are transformed to negative infinity. Subsequently, a linear layer is applied, followed by a Softmax 
activation function, to combine and condense the embeddings into a single value that signifies the importance 
or weight of the node in the Metapath context.

	 Ω p = OpWn� (6)

Where Wn ∈ Rd× 1 is a learnable parameter, Ω p ∈ Rlmax× 1 represents the weight of each node in the path 
pathp, where Ω p = {w1, w2, . . . , wmax}. For a node j in pathp, its weight is calculated as follows:

	
w′

j = ewj

∑lmax

k=1 ewk
� (7)

Then we aggregate the hidden states of these nodes weighted by w′
i to get the embedding of pathp:

	
epathp

=
∑lmax

k=1
w′

kok � (8)
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Path attention
Following the aggregation step, for a given drug-disease pair, the embedding representing the shortest Metapath 
is obtained: EP AT H = {epath1 , epath2 , . . . , epathL

}. The path attention is similar to the node attention:

	 Ω P AT H = eP AT HWp� (9)

	
w′

pathp
= ewpathk∑L

k=1ewpathk
� (10)

	
ys = f

(∑L

k=1
w′

pathk
epathk

)
� (11)

	
y′ = σ p

(∑L

k=1
w′

pathk
epathk

)
� (12)

Where σ p is the softmax function, f  is the nonlinear activation layer. The final predicted outcome y′, denoted 
as, represents the probability that the drug will be effective in treating the disease. Additionally, the score ys, 
quantifies the closeness or proximity between drugs and diseases, serving as an indicator of the drug’s therapeutic 
impact on the disease.

Objective function
Within the scope of this research, the Meta-DEP model has been designed to be concurrently trained on two 
distinct learning objectives: regression and classification tasks. Regarding the regression component, the model 
employs the Mean Squared Error (MSE) as its loss function, an extensively adopted metric for gauging the 
discrepancy between estimated outcomes and actual targets. The MSE is mathematically defined as the mean 
of the sum of squared discrepancies between each predicted value and its true counterpart, with its functional 
form expressed thusly:

	
LMSE =

∑n

i=1 (ys − y)2

n
� (13)

And the categorical prediction task is approached as a two-class classification problem, where the chosen loss 
function for optimization is the CrossEntropyLoss.

	
LCE =

n∑
i=1

ylog
(
y′)� (14)

In our multi-objective training process, we aim to minimize the combination of two losses with l2 regularization:

	 L = LMSE + α LCE + λ ||θ ||22� (15)

Where α  is a hyperparameter that weighs the weight of classification tasks, θ  is the set of parameters to be 
learned in Meta-DEP, λ  is the l2 regularizer to prevent over-fitting, ||θ ||22 is the square of the second norm of 
θ .

Performance evaluation and experiment setup
Meta-DEP training is a dual task training of regression and classification (Regression and classification dual task 
ablation experiment, see Fig. S2A), given a drug disease pair, we input all the shortest paths between the drug and 
the disease into the Meta-DEP, and Meta-DEP will predict the probability that the drug will have a therapeutic 
effect on the disease and score the magnitude of its pharmacodynamic effect. In this study, Pearson correlation 
coefficient was used as a performance indicator to evaluate and adjust the optimization feature representation, 
model framework, and hyperparameter settings through five-fold cross-validation. First, keep the model 
architecture unchanged, set the hyperparameters in a moderate range, and adjust the feature representation to 
make the performance index reach a temporary optimal state (The influence of feature representation on model 
performance, see Fig. S2B). Then, the feature representation is fixed, the hyperparameters are still in the moderate 
range, and the model architecture is adjusted to find the temporary optimal performance index (The influence 
of model architecture on model performance, see Fig. S2C). After determining the feature representation and 
model architecture, the combination of hyperparameters of the model is optimized to achieve the best state.

Cell culture
The cell lines used in this study were purchased from the American Type Culture Collection (ATCC). AC16 cells 
were cultured in DMEM/F12 (Gibco) supplemented with 10% fetal bovine serum, 100 U/mL penicillin and 100 
U/mL streptomycin.

The cells were cultured at 37 °C with 5% CO2 in an atmosphere containing.

CCK-8 cell viability assay
Cell viability was measured by Cell Counting Kit-8 (CCK-8) assay kit (IV08-500 T, Invigentech, USA). Briefly, 
AC16 cells were cultured in 96-well plates and treated with various concentrations of Bifendate. After treatment 
for 24 h, each well added 10µL of CCK-8 reagent. This plate was incubated at 37 °C for 1 h in a humidified 
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atmosphere with 5% CO2. The absorbance of each well was measured at 450  nm using a microplate reader 
(SPECTR AMAX190, MD Company, USA).

The content of ROS in mitochondria was detected by flow cytometry
AC16 cells were cultured in 6-well plates. When the confluence reached 70%, the cells were treated with 
100µmol/L hydrogen peroxide and 10µmol/L bifedate for 24 h. After incubation, the cells were collected in a 
1.5 ml ep tube, 500 µl working solution was added, and they were incubated at 37 °C for 20 min (mixed every 
3–5 min). After removal of the working solution, the cells were washed twice with PBS and resuspended in 500 
µL PBS. The MFI (Mean Fluorescence Intensity) was detected by flow cytometry (FACSCelesta, BD, USA).

The intracellular ROS content was detected by active oxygen detection kit
AC16 cells were cultured in 12-well plates. When the confluence reached 70%, the cells were treated with 
100 µmol/L hydrogen peroxide and 10 µmol/L bifendate for 24 h. After incubation, the cells were washed twice 
with PBS. DCFH-DA (S0033S, Beyotime Biotechnology, China) fluorescent dye stock solution was diluted with 
serum-free medium to make a working solution (final concentration 10µM), 500 µl of working solution was 
added to each well, and incubated at 37 °C for 20 min. The working solution was removed and the cells were 
washed twice with PBS. After adding the complete medium, the fluorescence intensity was measured by high-
content microscope (ImageXpress MicroConfocal. MD, USA).

Mitochondrial membrane potential was detected by mitochondrial membrane potential 
detection kit
AC16 cells were cultured in 12-well plates. When the confluence reached 70%, the cells were treated with 
100 µmol/L hydrogen peroxide and 1 µmol/L bifendate for 24 h. After incubation, the cells were washed with 
PBS twice. JC-1 (HY-K0601, Med Chem Express, China) fluorescent dye stock solution was diluted with serum-
free medium to make a working solution (final concentration 2µM), 500 µl of working solution was added to 
each well, and incubated at 37 °C for 20 min. The working solution was removed and the cells were washed 
twice with PBS. After adding the complete medium, the fluorescence intensity was detected by high-content 
microscope (ImageXpress MicroConfocal, MD, USA).

Apoptosis was detected by TUNEL detection
AC16 cells were seeded into 12-well plates. When the confluence reached 70%, AC16 cells were treated 
with 100  µmol/L hydrogen peroxide and 10 µmol/L bifendate for 24  h. After incubation, cells were washed 
with PBS once, fixed with 4% paraformaldehyde for 30 min, and washed with PBS twice after fixation. Add 
immunostaining strong penetrant (P0260, Beyotime Biotechnology, China) and incubate at room temperature 
for 5 min; after incubation, the cells were washed twice with PBS, and 50 µl TUNEL staining solution (C1088, 
Beyotime Biotechnology, China) was added to the sample, and incubated at 37  °C for 60  min in the dark; 
after the incubation, the cells were washed three times with PBS. DAPI staining solution (C1005, Beyotime 
Biotechnology, China) was incubated for 20 min, and washed three times with PBS after incubation. 500ul PBS 
was added to each well, and the fluorescence intensity was detected by high-content microscope (ImageXpress 
MicroConfocal, MD, USA).

Result
Meta-DEP exhibits superior evaluation capabilities for drug efficacy
To investigate whether Meta-DEP model can whether the model can learn the network proximity score, we 
conducted a correlation analysis on the prediction scores obtained from the Meta-DEP model and the network 
proximity algorithm9. The results show that for the true positive drug-disease pairs, there is a strong correlation 
between the prediction scores of Meta-DEP and the network proximity algorithm9 (Fig.  2A). However, for 
the artificially constructed negative drug-disease pairs, the predicted values of the two methods exhibit weak 
correlation (Fig. 2B). These suggest that Meta-DEP effectively learned information similar to that of the network 
proximity algorithm9 during drug efficacy prediction, while potentially learning additional information that is 
distinct from what is captured by the network proximity algorithm9. Therefore, we further investigated whether 
the drug efficacy predictive performance of Meta-DEP is superior to that of the network proximity algorithm9. 
The results showed that the Meta-DEP algorithm was able to accurately predict almost 82.3% of the drug-
disease pairs in the dataset, whereas the network proximity algorithm9 could only predict almost 76.3% of them 
(Fig. 2C-D). This indicates that Meta-DEP exhibits superior drug efficacy predictive performance compared to 
the network proximity algorithm9.

Exploring drug combination predictions with Meta-DEP
To further evaluate the performance of Meta-DEP in quantitatively assessing drug efficacy, we randomly 
extracted 100 pairs of drug combinations from the CDCDB database39, which have been reported to exhibit 
synergistic therapeutic effects when used in combination. Subsequently, we utilized the scoring mechanism of 
Meta-DEP to forecast the pharmacological effects of these drug combinations. Specifically, for a given disease, 
if Meta-DEP predicts a higher score for the combined drug efficacy than for any individual drug within the 
combination, it would deduce that the concurrent administration of these drugs could potentiate the therapeutic 
outcome for that particular disease. The findings revealed that Meta-DEP accurately discerned 65 pairs of drug 
combinations (Fig.  3A, Table S1), including the combined usage of Acetaminophen and Acetylsalicylic acid 
for treating Migraine Disorders40,41, the combined usage of Vildagliptin and Nateglinide for type 2 diabetes 
mellitus42, Entacapone and Carbidopa, in combination with Droxidopa, are used for the treatment of Parkinson’s 
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Disease43,44 (Fig. 3B-D). In contrast, traditional Network-based proximity algorithms were only able to predict 
34 of these drug combinations (Fig. 3A).

Meta-DEP identified the critical target related to drug efficacy
Within the human body, drugs typically interact with multiple protein targets. Therefore, the systematic 
evaluation of the key protein targets that underlie the therapeutic effects of drugs on diseases is crucial for 
pharmacodynamic research. In this case study, we found that the node attention weights of Meta-DEP can 
accurately identify the critical protein targets responsible for the pharmacological effects of drugs. As illustrated 
in (Fig. 4A-B), Selegiline and Levodopa are two commonly used drugs in the clinical treatment of Parkinson 
disease. Meta-DEP is capable of precisely identifying and assigning greater node attention weights to the key 
targets—monoamine oxidase and dopamine receptors—responsible for the therapeutic effects of these two 
drugs among the direct targets of drugs45–48. Furthermore, we analyzed 1828 drug-disease pairs in our training 

Fig. 2.  Model performance. (A) Correlation analysis between the score of Meta-DEP and the score of 
Network-based proximity on true positive drug-disease pair data. (B) Correlation analysis between the score 
of Meta-DEP and the score of Network-based proximity on true negative drug-disease pair data. (C) The 
proportion of true and false numbers predicted by Meta-DEP or Network-based proximity in real drug-disease 
pair data. (D) Comparing the prediction scores of Meta-DEP and Network-based proximity in real drug-
disease pair data.
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Fig. 3.  Using Meta-DEP score to explain drug combinations. (A) Evaluation of Drug Combination Efficacy 
for 100 Pairs of Drug Combination Data from CDCDB. (B) The prediction of drug combinations for Migraine 
Disorders. (C) The prediction of drug combinations for diabetes mellitus type 2. (D) The prediction of drug 
combinations for Parkinson’s Disease.
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Fig. 4.  Explain the pathways linking levodopa and selegidol to Parkinson disease, respectively. (A) Sankey 
diagram of the critical targets connecting Levodopa and Parkinson disease identified by Meta-DEP. (B) Sankey 
diagram of the critical targets connecting Selegiline and Parkinson disease identified by Meta-DEP.
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dataset, where the pharmacological targets were clearly documented in the Drugbank database49. Meta-DEP 
was able to successfully identify the crucial targets for 768 of these pairs (Fig. S4, Table S2), highlighting its 
effectiveness in target identification for drug-disease relationships.

Meta-DEP demonstrates remarkable abilities in accurately predicting active natural 
compounds
The TCMSP database18, a comprehensive system pharmacology platform specializing in archiving natural 
products, holds extensive information regarding natural compounds and their intricate relationships with drug 
targets and diseases. To assess Meta-DEP’s proficiency in identifying bioactive natural products, we curated 
a subset of 15 diseases from the TCMSP database18. Notably, these diseases were represented in our training 
set and exhibited interactions with over 50 distinct natural product molecules each. Compared to Network-
based proximity algorithms, our findings revealed that scoring mechanism of Meta-DEP exhibited remarkable 
accuracy in predicting the majority of natural products associated with these diseases (Fig. 5). To further validate 
its generalization capabilities, we challenged Meta-DEP with seven diseases that were not part of our original 
training set. Remarkably, Meta-DEP was able to successfully predict the natural products linked to these diseases 
within the TCMSP database18, further validating its robust abilities for active natural compound discovery.

Utilizing Meta-DEP to identify protective compounds of Xin-Ji-Er-Kang for myocardial 
ischemia
Xin-Ji-Er-Kang (XJEK)19–21, a traditional Chinese formula, has exhibited remarkable protective effects against 
myocardial ischemia. However, the specific natural compounds that are pivotal for its pharmacological activity 
remain elusive. In this real-world case study, we discovered that by integrating transcriptional data from 
myocardial infarction (MI)50 with the TCMSP database18, Meta-DEP was able to effectively predict the anti-
inflammatory or mitochondrial-protective active compounds in XJEK19–21 that contribute to its myocardial 
ischemia-protective effects (Table S3). Inflammation and mitochondrial damage serve as significant contributors 
to myocardial injury caused by MI. To explore potential anti-inflammatory compounds in XJEK19–21, we initially 
employed reported MI transcriptomic data50 and conducted gene enrichment analysis to identify proteins 
associated with inflammatory signaling pathways. Subsequently, we utilized the TCSMP database18 to retrieve 
262 compounds from XJEK19–21 and their corresponding direct targets. Surprisingly, based on these data, 
Meta-DEP predictions revealed that multiple compounds with steroidal ring structures were among the top-
ranked compounds (Fig. S5, Table S3). Using Meta-DEP, we employed the same strategy to identify bifendate 
(Fig. 6A, Table S3), a monomeric component from XJEK19–21 that exhibits potential protective effects against 
mitochondrial damage. To validate this finding, we conducted relevant experiments at the cellular level. CCK-

Fig. 5.  Meta-DEP score demonstrate impressive power for predicting the efficacy material basis of traditional 
Chinese medicine. The transverse axis represents the number of disease-related Chinese medicine monomer 
components collected in the TCMSP Chinese medicine database, and the longitudinal axis represents the 
diseases existing in the TCMSP Chinese medicine database. Meta-DEP assigns a score of 0.065 or higher, it 
signifies an association between the natural products and the disease. On the other hand, a network analysis 
score of -0.15 or lower indicates an association between the natural products and the disease.
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8 assays demonstrated that bifendate is capable of enhancing the vitality of AC16 cells treated with hydrogen 
peroxide, which simulates myocardial ischemia (Fig. 6B). Notably, compared to AC16 cells in the model group, 
bifendate significantly reduced the levels of mitochondrial reactive oxygen species (ROS), mitochondrial 
membrane potential, intracellular ROS, and apoptosis index in hydrogen peroxide-treated AC16 cells (Fig. 6C-
J).

Discussion
Deeply rooted in Asian traditions, traditional Chinese medicine (TCM) has garnered global attention in 
pharmacology. TCM boasts a vast arsenal of natural medicinal compounds, widely recognized for their 
effectiveness and safety in drug discovery efforts. However, the intricate complexity of these compounds and 
their numerous associated targets poses a challenge in pinpointing the active ingredients within these herbal 
remedies. Network analysis, specifically focusing on drug-protein-disease interactions, emerges as a pivotal 
tool in overcoming this challenge. Nevertheless, traditional network pharmacology analysis involves numerous 
intricate steps and relies on a myriad of databases, rendering the process unduly cumbersome. To address this, 
our study proposed Meta-DEP, an end-to-end deep learning model, can directly predict drug efficacy on the 
drug-protein-disease heterogeneous network. Furthermore, validation results from the TCMSP database18 and 
the traditional Chinese formula Xin-Ji-Er-kang19–21 confirm that Meta-DEP can accurately identify bioactive 
natural compounds from TCM.

Guney et al. proposed network proximity9 has been widely recognized as an effective method for 
quantitatively predicting drug efficacy. The Meta-DEP model developed in this study focuses on predicting this 
network proximity values between drugs and diseases. Notably, our research found that the network proximity 
values learned by the Meta-DEP model exhibited higher accuracy in predicting known drug-disease pairs. This 
suggests that the Meta-DEP model possesses stronger predictive capabilities in drug efficacy research, providing 
more precise and reliable references for drug development. In addition, the attention module of Meta-DEP 
demonstrated good performance in identifying key proteins that play a crucial role in drug efficacy. This further 
validates the value of the Meta-DEP model in exploring drug efficacy mechanisms, helping us to gain a deeper 

Fig. 6.  The wet-lab experiment verified the mitochondrial protective effect of bifendate, a monomer 
component of XJEK screened by mitochondrial damage-related pathway genes as disease proteins. (A) 
Structure of bifendate. (B) The effect of bifendate on the viability of H2O2-treated AC16 cells. (C,D) Flow 
cytometry was used to detect the effect of bifendate on ROS content in mitochondria of H2O2-treated AC16 
cells. (E,H) The effect of bifendate on mitochondrial membrane potential of AC16 cells treated with H2O2 
was detected by mitochondrial membrane potential detection kit (JC-1). (F,I) The effect of bifendate on 
intracellular ROS content of AC16 cells treated with H2O2 was detected by reactive oxygen species detection 
kit. (G,J) The effect of bifendate on the apoptosis of H2O2-treated AC16 cells was detected by TUNEL 
detection.
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understanding of the interactions between drugs and diseases, as well as the molecular mechanisms underlying 
drug efficacy.

We also used Meta-DEP to analysis synergistic effects of drug combinations, aiming to further evaluate the 
performance of Meta-DEP in quantitatively assessing drug efficacy. The research results indicate that Meta-DEP, 
to a certain extent, enables us to comprehensively evaluate the interactions between drugs and understand how 
they might work together to enhance treatment efficiency. Therefore, it would also be interesting to extend the 
application of Meta-DEP to predict potential combinations of active ingredients in TCM formulas for addressing 
complex diseases. This would provide valuable insights into the synergistic effects of various components within 
TCM formulas, potentially leading to the development of more targeted and effective treatment strategies.

Phenotype-based drug screening is one of the important avenues for new drug discovery, which screens 
candidate drugs with potential therapeutic effects by directly observing their impacts on the phenotype of 
organisms. Transcriptome data can comprehensively reflect the changes in gene activities within organisms 
under disease conditions. Therefore, screening active drugs through transcriptome data is an essential strategy 
for phenotype-based drug screening. Here, we found that that by incorporating disease-related specific signaling 
pathway proteins from the transcriptome data of diseases, along with natural compound targets from the TCSMP 
database18, into the Meta-DEP model, it can directly predict which natural products may be associated with 
specific signaling pathways related to diseases. However, due to limitations in the data used to train the Meta-
DEP model, it is necessary to conduct further experimental validation to determine whether the compounds 
predicted by Meta-DEP are therapeutic or pathogenic.

Conclusion
In conclusion, based on the heterogeneous network of drugs, proteins, and diseases, this study innovatively 
proposes a meta-path-based deep learning model for drug efficacy prediction—Meta-DEP. Through multi-
dimensional validation, this model not only demonstrates its powerful effectiveness but also highlights its 
significant advantages compared with traditional network topology analysis methods. Subsequently, we applied 
the Meta-DEP model to the identification of active ingredients in complex natural products and fully validated 
its excellent performance in discovering active natural compounds through experiments. Overall, the Meta-DEP 
model developed in this study provides new powerful momentum for promoting the transformation of natural 
compounds into innovative lead molecules and provides valuable insights for the field of drug discovery and 
development.

Data availability
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