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Abstract

Early identification of safe and efficacious disease targets is crucial to alleviating the tremen-

dous cost of drug discovery projects. However, existing experimental methods for identifying

new targets are generally labor-intensive and failure-prone. On the other hand, computa-

tional approaches, especially machine learning-based frameworks, have shown remarkable

application potential in drug discovery. In this work, we propose Progeni, a novel machine

learning-based framework for target identification. In addition to fully exploiting the known

heterogeneous biological networks from various sources, Progeni integrates literature evi-

dence about the relations between biological entities to construct a probabilistic knowledge

graph. Graph neural networks are then employed in Progeni to learn the feature embed-

dings of biological entities to facilitate the identification of biologically relevant target candi-

dates. A comprehensive evaluation of Progeni demonstrated its superior predictive power

over the baseline methods on the target identification task. In addition, our extensive tests

showed that Progeni exhibited high robustness to the negative effect of exposure bias, a

common phenomenon in recommendation systems, and effectively identified new targets

that can be strongly supported by the literature. Moreover, our wet lab experiments success-

fully validated the biological significance of the top target candidates predicted by Progeni

for melanoma and colorectal cancer. All these results suggested that Progeni can identify

biologically effective targets and thus provide a powerful and useful tool for advancing the

drug discovery process.
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Author summary

The selection of a disease target, a biological entity with which potential drugs interact to

treat diseases, is often the first step of a drug discovery project. Known to be extremely

costly, drug discovery projects spend tremendous resources on failed drug instances, most

of which result from inadequate choices of targets. To help address the costliness problem

of drug discovery, we developed a machine learning-based framework that identifies bio-

logically effective targets using a probabilistic knowledge graph built from both biological

network data and literature evidence. Our method not only outperforms state-of-the-art

baseline methods on the target prediction task, but can also identify targets with high bio-

logical relevance, as shown by the strong support of the literature for the predicted target

candidates and wet lab experiments that validate the significance of the predicted target

candidates for melanoma and colorectal cancer. These results suggest that our method

can identify effective targets and therefore benefit drug discovery.

Introduction

A drug discovery project often initiates by developing hypotheses that the activation or inhibi-

tion of specific biological entities (e.g., proteins, pathways, and RNA) induces a therapeutic

effect in treating diseases [1]. These entities of interest are commonly called “targets.” Early

identification of safe and effective targets is generally crucial to reducing the massive cost and

minimizing the high attrition rates in drug discovery [2–4].

Several experimental methods, such as genetic manipulation (e.g., using RNAi or small-

molecule perturbation) [5], genome-wide association studies [6, 7], and transcriptome analy-

ses [8], have made significant advancements in identifying targets. However, these experimen-

tal methods are often labor-intensive and prone to failure. On the other hand, large-scale

databases, such as DrugBank [9], DisGeNET [10], and the Comparative Toxicogenomics Data-

base [11], contain various biological networks that can be represented as knowledge graphs.

These graphs document numerous relations (e.g., associations, interactions, and similarities)

between biological entities (e.g., drugs, targets, diseases, and side effects). Such a wealth of

graph data provides fertile ground for developing network-based computational methods.

These methods learn feature representations of biological entities to predict new interactions

or associations (e.g., target-disease associations) even without prior experimental evidence.

These network-based methods have demonstrated significant potential in substantially reduc-

ing the cost and labor associated with the traditional target identification process [12–14].

Diffusion-based methods, a subset of network-based methods, have been extensively

applied to target identification. They involve performing random walks on biological networks

associated with targets and diseases, such as protein-protein interaction networks and protein-

disease association networks. Subsequently, the stationary distributions obtained from the ran-

dom walks are used to prioritize the corresponding target genes for specific diseases [12, 15].

These diffusion-based methods achieved state-of-the-art performance for target identification

[16] and accurately identified targets linked to Mendelian disorders [13]. Furthermore, diffu-

sion-based models can be easily adapted to incorporate biological networks that describe the

diverse relations between drugs, targets, diseases, and side effects. As exemplified by DTINet

[17] (originally designed for predicting target-drug interactions), such expansion of input

information significantly enhances prediction accuracy. DTINet has also been successfully

repurposed for target identification, achieving state-of-the-art results [14].
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Nevertheless, the feature learning process in these diffusion-based methods is often discon-

nected from the target prediction, and thus may not yield the optimal results. Moreover, the

stationary distributions that represent the features of biological entities are generally fed to rel-

atively simple learning models (e.g., logistic regression). These models may lack the capacity to

capture the complex latent features present in the heterogeneous data [18]. On the other hand,

graph neural networks (GNNs) are nonlinear machine learning models that extend convolu-

tional neural networks to process graph data [19, 20]. GNNs incorporate novel techniques for

information propagation and aggregation [21, 22], and have demonstrated exceptional perfor-

mance when applied to tasks involving heterogeneous networks [23–25]. Moreover, GNNs

have emerged as an important paradigm for advancing the drug discovery process [26–28].

For instance, NeoDTI [26] achieves state-of-the-art performance in predicting target-drug

interactions by using GNNs to leverage heterogeneous biological networks. However, despite

the success stories of these computational methods in target identification, they still have the

following limitations:

First, the input biological networks typically represent relations as binary, which means that

they do not convey the likelihood of these relations being biologically relevant. Hence, the pre-

dictions made by these models may not always hold biological significance in the real world.

This necessitates extensive manual labor in the experimental validation of the predictions [29].

Second, model performance is often heavily influenced by exposure bias, a common phenome-

non in recommendation systems. Exposure bias occurs when the unobserved interactions

between users and items do not always represent the users’ rejection of those items [30]. In

such situations, models generally tend to predict fewer relations between entities with limited

information (e.g., targets associated with fewer observed diseases). This further induces the

challenges in learning the latent feature representations of these entities and consequently

weakens the overall prediction performance. Such limitations inevitably undermine the appli-

cation potential of these prediction models in target identification, thereby impeding their

contributions to drug discovery.

To overcome these limitations, we develop Progeni (PRobabilistic knOwledge Graph for

targEt ideNtifIcation), a novel machine learning-based framework for target identification. In

addition to fully exploiting the existing heterogeneous biological networks from various

sources, Progeni innovatively integrates literature evidence, which contains vast information

about the relations between biological entities, to construct a probabilistic knowledge graph

(prob-KG). Graph neural networks (GNNs) are then leveraged to learn the latent feature rep-

resentations of biological entities in the prob-KG, thus informing the predictions of biologi-

cally meaningful targets. A comprehensive evaluation demonstrated that Progeni achieved

state-of-the-art performance on the target identification task and showed remarkable robust-

ness against the effect of exposure bias. In addition, Progeni successfully identified new targets

with strong supporting evidence from the literature. Moreover, our wet lab experiments suc-

cessfully validated the biological significance and therapeutic potential of the top novel target

candidates predicted by Progeni. All these results demonstrated that Progeni can provide a

powerful and useful tool for target identification and thus benefit the drug discovery process.

Results

Progeni infers new target candidates based on a probabilistic knowledge

graph

Exploiting available information on known targets (hereafter, we will use the terms “target”

and “protein” interchangeably) is essential for inferring new target candidates. Biological net-

works, which document relations between different biological entities (e.g., the interactions or
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associations between targets, diseases, drugs, and their side effects), facilitate graph learning

methods in capturing latent features of entities to infer new relations [17, 26]. Additionally,

unstructured data from literature evidence can also provide valuable information about

known relations. For instance, the frequency of literature mentioning a relation, approximated

by the frequency of literature mentioning both related entities, indicates the strength of evi-

dence supporting its biological relevance.

In this context, Progeni (Fig 1A) integrates both biological networks and literature evidence

to construct a probabilistic knowledge graph (prob-KG). Each node in the graph represents a

biological entity (e.g., target, disease, drug, and side effect), and each edge stands for a relation

(e.g., association or interaction) between two entities observed in the biological networks.

Moreover, each edge is assigned a probability score derived according to the co-occurrence

frequency of the two entities in the literature evidence (Fig 1B, Methods, and S1 Text). Target

identification is then formulated as a missing link prediction task on the defined prob-KG.

Progeni employs a graph neural network (GNN) approach to infer new target candidates

based on the constructed prob-KG (Fig 1C). First, Progeni aggregates the information (i.e., ini-

tial feature embeddings) of neighboring nodes via a graph convolution step, deploying differ-

ent GNNs for individual types of relations (i.e., edges). For example, three separate GNNs are

Fig 1. Overview of the Progeni pipeline. (A), Information flow of Progeni. Progeni first integrates a list of known targets, various biological

networks, and literature evidence to construct a probabilistic knowledge graph (prob-KG), which is then used to infer new target candidates.

The new target candidates inferred by Progeni are finally analyzed and experimentally validated. (B), Construction of the probabilistic

knowledge graph (prob-KG). The structure of the prob-KG is obtained through integrating various biological networks, which document the

associations/interactions between different biological entities, e.g., diseases, drugs, targets, and side effects. Each edge represents an association/

interaction between two entities and is associated with a probability score assigned according to the co-occurrence frequency between the two

entities derived from literature evidence. (C), Inference of new targets. The information of neighboring nodes is first aggregated via graph

neural networks (GNNs) employed for individual relation types. Next, the aggregated node information is projected onto a feature vector space

to generate the embedded node features. Finally, the learned node embeddings are used to reconstruct the prob-KG (as the optimization

objective) via relation-type-specific projections, whereby the new target candidates are inferred. More details about the Progeni framework can

be found in Methods.

https://doi.org/10.1371/journal.pcbi.1011945.g001
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used for a drug node to aggregate information from neighboring drug, disease, and target

nodes, respectively. After summing up the aggregated relation-type-specific neighborhood

information, Progeni then projects the resulting node information onto a feature vector space

to obtain the embedded node features.

Next, Progeni maps the node feature embeddings to edge probability matrices via relation-

type-specific projections (Fig 1C, Methods). Specifically, through a pair of transformation

matrices, each projection operation maps the node feature space to an edge probability space.

In its optimization objective, Progeni minimizes a weighted sum of the differences between

the mapped and ground truth edge probabilities. Here, since the edges with higher probabili-

ties generally represent the relations with more biological relevance, Progeni assigns larger

weights to the corresponding differences to encourage the model to assign higher confidence

to these relations. Conversely, since the edges with lower probabilities generally represent the

relations with higher uncertainty, Progeni assigns smaller weights to the corresponding differ-

ences to avoid overfitting to the potentially noisy data.

After training, the reconstructed edge probabilities of the target-disease association (TDA)

network are retrieved and organized into a matrix. The reconstructed edge probability of an

element in the TDA matrix serves as the prediction score of a potential target for the corre-

sponding associated disease. More details about the Progeni pipeline can be found in Methods.

Progeni accurately identifies disease targets

We evaluated Progeni through cross-validation tests, formulated as a missing link prediction

task for the target-disease association (TDA) relations, in which the goal is to predict each tar-

get-disease pair as associated or non-associated. A heterogeneous biological network dataset

[17] was used to evaluate the performance of our model and several baseline methods that had

reached state-of-the-art performance on the missing link prediction tasks on heterogeneous

graphs, including DTINet [17], GTN [24], RGCN [23], and HGT [25] (see Methods and S1

Text for more details about the data and these baselines). The reconstructed edge probability

matrix of TDA relations was used as the found predictions. The ground truth label of one

reconstructed edge was one if the corresponding TDA was observed in the biological networks

(i.e., a positive association) and zero otherwise (i.e., a negative association). We measured the

performance of the models in terms of the area under the receiver operating characteristic

curve (AUROC) and the area under the precision-recall curve (AUPR).

In our performance evaluation, we mainly used two five-fold cross-validation schemes, i.e.,

entry-wise cross-validation and cluster-wise cross-validation (Fig 2A, Methods). In the entry-

wise cross-validation, we randomly partitioned the dataset with respect to individual entries of

the edge probability matrix. Our comparison tests showed that Progeni yielded superior per-

formance over the baseline models in the entry-wise cross-validation setting (Fig 2B). How-

ever, with Progeni achieving near-perfect performance, this prediction task may seem trivial.

To mimic a more realistic application scenario, we further evaluated Progeni and the baselines

in a new setting (i.e., cluster-wise cross-validation), where we first clustered the columns of the

edge probability matrix according to their similarities and then partitioned the dataset with

respect to the resulting clusters (Methods). This clustering operation reduced the similarity

between training and test data and thus provided a more realistic and challenging scenario for

evaluating different target identification approaches. We found that all models yielded signifi-

cantly poorer performance when switching from entry-wise cross-validation to its cluster-wise

counterpart, attesting to the greater difficulty of the latter. Nevertheless, as shown in Fig 2C,

Progeni still took the lead in performance (though DTINet yielded a comparable AUROC

score with Progeni, the former achieved a lower AUPR score).
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To further demonstrate the superior predictive power of Progeni, we also re-trained all

models on the whole prob-KG using the optimal hyperparameters derived from the cluster-

wise cross-validation test setting and then measured their performance on the target associa-

tion profiles of two specific diseases, including melanoma and colorectal cancer (CRC). We

found that Progeni again identified the targets for these two diseases more accurately than the

baseline models (Fig 2D and 2E).

Fig 2. Performance evaluation on the target-disease association prediction task. (A), Illustration of the two cross-validation

schemes used (see main text for more details). Columns with similar colors belong to the same cluster. (B)-(C), Performance of

different models on the entry-wise cross-validation test (B) and the cluster-wise cross-validation test (C), respectively. (D)-(E),

Performance of of different models trained on the whole prob-KG on target identification for melanoma (D) and colorectal

cancer (E), respectively. The models used the optimal hyperparameters derived from the cluster-wise cross-validation test

setting. All results were summarized over ten trials and expressed as mean ± SD.

https://doi.org/10.1371/journal.pcbi.1011945.g002
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In addition, in our ablation studies, we developed four control models (see Methods for

more details) that negated the literature evidence integrated into the edge probabilities and/or

the weights in our optimization objective, including Progeni_og (i.e., no literature evidence

integrated), Progeni_rp (i.e., using random edge probabilities), Progeni_rw (i.e., using random

loss weights), and Progeni_rpw (i.e., using both random edge probabilities and random loss

weights). Compared to these control models, Progeni achieved superior performance in the

cluster-wise cross-validation setting (Table C in S1 Text), thus well validating the significance

of the literature evidence in our framework for target identification.

Progeni exhibits robustness against the effect of exposure bias

Exposure bias is a common phenomenon in recommendation systems, in which the unob-

served interactions are often misrepresented as the users’ rejection of the corresponding items

[30]. Due to exposure bias, for those entities with few observed interactions or associations,

machine learning models may have difficulty in learning their latent feature representations

and thus predict fewer meaningful relations between them. This phenomenon also arises in

our target identification scenario: for a given disease, those targets with no or few associations

observed in the biological networks (and thus in the input prob-KG) do not necessarily lack

biological functionality. Exposure bias may yield poor performance for those diseases/targets

with few observed TDAs. It may also induce the models to predict a limited number of associ-

ated diseases for the targets with little information in the known biological networks. Such an

effect may cause the models to leave out biologically significant targets.

Here, we systematically examined the robustness of different models against the effect of

exposure bias. We first defined the kt value for a target as the number of its associated diseases

observed in the biological networks, and similarly defined the kd value for a disease as the

number of its associated targets observed in the knowledge graph. We then evaluated the pre-

diction performance on the targets with low kt values and the diseases with low kd values for

different models trained on the whole prob-KG. Observing that the 10th percentile of kt values

was 567.2 while the medium of kd values was 11.0, we evaluated the performance (AUPR) of

the models on the targets with kt< 100, 300, and 500 and on the diseases with kd< 10, 30, and

50, respectively. We found that in individual scenarios, Progeni yielded better performance

compared to the baseline models (Fig 3A and 3B).

Next, we evaluated the Spearman correlations between the target-wise maximum edge

probabilities (of the predicted TDA relations) reconstructed by different models and their cor-

responding kt values. We found that Progeni yielded a significantly lower correlation than

GTN, RGCN, and HGT and a comparable result with that of DTINet (Fig 3C). Here, the corre-

lations indicated how the maximum output values for a target depended on the amount of

available information (quantified by the kt values). Thus, a high correlation generally implied a

possible drawback, i.e., the top predictions of the model were likely to leave out the targets that

had few observed associations but were nevertheless biologically meaningful. Hence, a weak

correlation was generally desirable in this scenario. All the above results showed that Progeni

was more robust to the effect of exposure bias, and thus was more likely to discover valuable

novel target candidates even under an under-explored setting.

Progeni identifies biologically meaningful target candidates strongly

supported by the literature

We next assessed the strength of literature evidence supporting the target candidates identified

by Progeni and the baseline models trained on the whole dataset. Here, the target candidates

we analyzed were unobserved in the input biological networks, and thus there were no edges

PLOS COMPUTATIONAL BIOLOGY In-silico target identification
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between the corresponding disease and target entities in the original input prob-KG. Note that

the edge probabilities between these entities were set as zero in the original input prob-KG,

thus effectively preventing data leakage during our model training process (see Methods for

more details). Nevertheless, there may still exist literature evidence supporting such target-dis-

ease associations (TDAs). Therefore, we took advantage of such evidence to evaluate the target

candidates (in the form of TDAs) predicted by different models, and those predictions with

stronger evidence support can be considered more biologically relevant.

Here, we viewed the reconstructed edge probability between a target and a disease as the

prediction score of their association. In particular, we selected a list of predicted TDAs for eval-

uation according to the following procedure: (i) training the models on the whole prob-KG

using the optimal hyperparameters derived from the cluster-wise cross-validation setting; (ii)

retrieving the reconstructed edge probability matrix of the TDA relations; (iii) selecting those

Fig 3. Evaluation on the robustness of Progeni and baseline models against the effect of exposure bias. (A)-(B), The performance of different

models on the targets with low kt (the number of observed associated diseases) values (A) and the diseases with low kd (the number of observed

associated targets) values (B), respectively. (C), The Spearman correlations between the target-wise maximum edge probabilities reconstructed by

different models and the corresponding kt values of targets. All results were summarized over ten trials and expressed as mean ± SD.

https://doi.org/10.1371/journal.pcbi.1011945.g003
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significant entries in the matrix with respect to each row, in which their prediction scores were

greater than μ + 2σ, where μ and σ stand for the mean and standard deviation of the scores in

that row, respectively; and (iv) choosing the entries representing the TDAs unobserved in the

input biological networks.

In our evaluation, the strength of literature evidence supporting the predicted TDA

between a target and a disease was approximated by their co-occurrence frequency in the liter-

ature, which was denoted by the Cr value (Methods). We first examined the numbers of pre-

dicted TDAs with high Cr values. More specifically, for Progeni, the baseline models, and the

control models, we first calculated the numbers of predictions with Cr values greater than 0, 5,

and 25, respectively, among the list of TDAs with the top-200 prediction scores. We found that

in every case, Progeni produced the the highest number of predictions (Fig 4A and 4B). We

then investigated the Spearman correlations between the top-k (k = 200, 500, 1500, 2000, 2500,

and 3000) prediction scores and their corresponding Cr values. We found that Progeni yielded

the highest correlation in every case (Fig 4C and 4D). All these results indicated that compared

with the baseline and control models, the target candidates predicted by Progeni received

stronger support from the literature and hence were more likely to be biologically meaningful.

To further demonstrate that Progeni can predict reasonable target candidates, we chose the

unobserved target candidates with the highest prediction scores for several typical diseases and

then verified these target-disease pairs by searching for literature evidence. In particular, we

Fig 4. Evaluation on the strength of literature evidence supporting the target candidates identified by different methods. (A)-(B), The numbers of

target-disease associations among the top-200 predictions with Cr values, i.e., co-occurrence frequencies, greater than 0, 5, and 25, respectively, for the

comparisons of Progeni with different baselines (A) and the four control models (B), respectively. (C)-(D), The Spearman correlations between the top-

k (k = 200, 500, 1000, 1500, 2000, 2500, and 3000) prediction scores and their corresponding Cr values, for the comparisons of Progeni with different

baselines (C) and the four control models (D), respectively. All results were summarized over ten trials and expressed as mean ± SD.

https://doi.org/10.1371/journal.pcbi.1011945.g004
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presented several case studies for the following diseases: bronchitis, pulmonary arterial hyper-

tension (PAH), and liver neoplasms (Tables D-F in S1 Text). For bronchitis, Progeni identified

the cystic fibrosis transmembrane conductance regulator (CFTR) with the third-highest pre-

diction score. It had been previously shown that the bronchitis severity is significantly associ-

ated with CFTR activity in the nasal airway [31], lungs [32], and even extrapulmonary tissues

[33]. For PAH, the interleukin-1 receptor type 1 (IL1R1) was associated with the highest pre-

diction score among the predictions from Progeni. A previous study had found that IL1R1 is

overexpressed in the lungs of PAH patients, and the hypoxic PAH severity is attenuated

among mice treated with an IL1R1 antagonist [34]. Furthermore, Progeni predicted the sialic

acid binding Ig-like lectin 3 (SIGLEC-3, or CD33) protein with the second-highest prediction

score for liver neoplasms. It had been demonstrated that a SIGLEC-3 SNP is significantly asso-

ciated with an increased risk of hepatocellular carcinoma (HCC) among the chronic hepatitis

B patients, and the hepatitis B virus activates SIGLEC-3 to induce immunosuppression, thus

indicating that the blockade of SIGLEC-3 may provide an effective therapeutic strategy to

lower the risk of HCC in the patients with chronic hepatitis B infection [35]. All these findings

strongly supported the ability of Progeni in predicting biologically relevant targets, indicating

that the therapeutics directed at these targets may constitute efficacious treatments against the

associated diseases.

Progeni predicts novel target candidates validated by wet lab experiments

To further demonstrate the application potential of Progeni, we compiled a new dataset from

more up-to-date open sources that contained larger numbers of proteins and diseases (Meth-

ods and S1 Text). We trained Progeni on this new dataset and experimentally validated the

novel target candidates predicted by Progeni for two specific diseases, i.e., human melanoma

and colorectal cancer (CRC). For each disease, we first searched for literature evidence about

the top 15 predicted targets unobserved in the known biological networks (Tables G and H in

S1 Text) and then chose six target candidates that lacked existing literature support for further

experimental validation, including HSP90AB1, RPS6KB1, and MME for melanoma, and

ADCY5, ADRA2A, and EEF2 for CRC.

In our in-vitro experimental validation, we selected B16F10 (murine melanoma) and MC38

(murine colon adenocarcinoma) as representative cell lines for melanoma and CRC, respec-

tively. We first investigated whether the predicted targets affected cell proliferation by per-

forming CCK-8 assays following the target knockdown by short-hairpin RNAs (shRNAs) in

the corresponding cells. The results showed that, in B16F10 cells, the HSP90AB1 and MME
knockdowns significantly inhibited cell proliferation, while the RPS6KB1 knockdown yielded

a relatively moderate effect (Fig 5A). In MC38 cells, all the ADCY5, ADRA2A, and EEF2
knockdowns resulted in significant proliferation inhibition (Fig 6A). The raw Optical Density

(OD) values for these CCK-8 assays can be found in Tables I and J in S1 Text. These experi-

mental results suggested that the deficiency in these genes predicted by Progeni indeed

obstructs tumor cell growth for the corresponding diseases.

Next, we explored the potential correlations between the target gene expression and the

clinical outcome of patients from The Cancer Genome Atlas (TCGA). For melanoma, the

patients with low HSP90AB1 and MME expression in metastatic tumor samples and the

patients with low RPS6KB1 expression in primary tumor samples were correlated with signifi-

cantly longer survival than the corresponding high expression cohorts (Fig 5B–5D). Interest-

ingly, the overexpression of HSP90AB1 [36, 37] and MME [38] had been reported to facilitate

metastasis, while RPS6KB1 had been known to play a more crucial role in exacerbating pri-

mary tumor [39]. Thus, it is reasonable that the low expression of HSP90AB1 and MME in
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Fig 5. In-vitro validation of the target candidates predicted by Progeni for melanoma. (A), CCK-8 assays of the B16F10 cells with shRNA

knockdown after 36h culture. (B)-(D), Survival curves of the metastatic or primary melanoma patients from The Cancer Genome Atlas (TCGA) with

high or low expression of genes HSP90AB1 (n = 176, metastatic melanoma, (B)), MME (n = 173, metastatic melanoma, (C)), and RPS6KB1 (n = 50,

primary melanoma, (D)), respectively. The patients with the 25% highest gene expression were defined as “High,” while the lowest 25% were defined as

“Low.” (E)-(F), CCK-8 assays of the B16F10 cells after 48h treatment with the HSP90AB1 inhibitors tanespimycin (E) or SNX-5422 (F), whose

molecular structures and half maximal inhibitory concentration (IC50) values are also shown.

https://doi.org/10.1371/journal.pcbi.1011945.g005
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Fig 6. In-vitro validation of the target candidates predicted by Progeni for colorectal cancer (CRC). (A), CCK-8 assays of the MC38 cells with

shRNA knockdown after 36h culture. (B)-(D), Survival curves of the primary colorectal cancer patients from The Cancer Genome Atlas (TCGA) with

high or low expression of ADCY5 (n = 264, (B)), ADRA2A (n = 264, (C)), and EEF2 (n = 264, (D)), respectively. The patients with the 30% highest gene

expression were defined as “High,” while the lowest 30% were defined as “Low.” (E)-(F), CCK-8 assays of the MC38 (C) and CT26 (D) cells after 48h

treatment with the ADRA2A inhibitor phentolamine, whose molecular structures and half maximal inhibitory concentration (IC50) values are also

shown.

https://doi.org/10.1371/journal.pcbi.1011945.g006
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metastatic but not primary tumor samples and the low RPS6KB1 expression in primary but

not metastatic tumor samples are correlated with prolonged survival. For the primary colorec-

tal cancer, the low expression of ADCY5 was significantly associated with longer survival (Fig

6B), whereas no statistically significant differences were found for the corresponding ADRA2A
and EEF2 cohorts (Fig 6C and 6D), which may be due to the limited numbers of patients

recorded in TCGA (n = 264) that were not sufficient to distinguish the two cohorts of the com-

plex CRC disease. All these results suggested that our predictions were generally consistent

with clinical data, while the small sizes of samples from TCGA probably weakened the differ-

ence between high and low-expression cohorts.

Furthermore, to evaluate the therapeutic potential of these targets, we also measured the cyto-

toxicity potency of the small molecule inhibitors targeting them. Tanespimycin and SNX-5422,

which are both selective inhibitors of HSP90AB1, significantly inhibited the growth of B16F10

cells after 48 hours of treatment, with a half maximal inhibitory concentration (IC50) of 198.3

nM and 24.87 nM, respectively (Fig 5E and 5F). Phentolamine, an inhibitor of ADRA2A, signifi-

cantly inhibited the viability of MC38 cells with an IC50 of 17.05 μM and restrained the growth

of CT26 cells (another widely used CRC murine cell line) with an IC50 of 76.51 μM (Fig 6E and

6F). The raw Optical Density (OD) values for these CCK-8 assays can be found in Tables K-N in

S1 Text. All these results suggested that the novel target candidates identified by Progeni may

have great therapeutic potential against the corresponding cancer diseases.

Discussion

The selection of a disease target is often the first and pivotal step in drug discovery, given the

exorbitant cost and high attrition rates that plague the field. In this paper, we have presented

Progeni, a novel machine learning-based framework for target identification. Progeni innova-

tively integrates heterogeneous biological networks and literature evidence to construct a

probabilistic knowledge graph, and then leverages graph neural networks to learn the latent

feature representations of biological entities.

In our cross-validation tests, while Progeni achieved near-perfect performance when we

randomly partitioned the dataset, we observed more reasonable performance when we split

the dataset by its clusters. As reflected by the near-perfect result in the former setting, an

entry-wise random partition may result in many similar data points in both training and test

sets. In the latter setting, data points belonging to the same cluster did not fall into the same

fold for cross-validation, which can mimic a more realistic application setting. Our compre-

hensive evaluation of Progeni demonstrated its remarkable performance in target identifica-

tion compared to state-of-the-art baseline methods. This superior predictive power will be

critical for reducing the cost and increasing the efficiency of drug discovery projects.

A common phenomenon in recommendation systems, exposure bias can impede the pre-

diction of targets with limited information. We developed two tests to gauge the robustness of

models against the effect of exposure bias: (i) checking the model performance on those sub-

sets of data with limited information, and (ii) evaluating the correlation between the predicted

scores and the amount of information available for individual data points. They are straight-

forward to implement and may also serve as useful references for future research investigating

exposure bias in machine learning-based models. Although we did not develop methods that

directly reinforce the model’s robustness against the effect of exposure bias, Progeni exhibited

remarkable resilience to the adverse effects of exposure bias. This feature indicated that Pro-

geni remains effective, even for targets with limited information in the known biological net-

works. As a result, Progeni may be better positioned to uncover valuable novel target

candidates in those under-explored settings and thus offer a unique advantage in the field.
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One of the outstanding qualities of Progeni is its ability to predict biologically meaningful

target candidates strongly supported by either literature evidence or wet lab experiments.

Compared to baseline and control models, Progeni predicted more target candidates with sub-

stantial support from the literature. In our case studies, the literature with co-occurrences

between selected diseases and their predicted targets can provide a useful indication about the

biological significance of those targets. That said, the current literature validation process still

requires manual searching. Future research may invite techniques from natural language pro-

cessing to automate this process of validating biological significance in the literature. We also

compiled a new dataset from more up-to-date open sources to retrain our model and predict

novel targets. The fact that our wet lab experiments can successfully validate the predicted tar-

gets well reflects Progeni’s generalizability to new data. One limitation is that while the experi-

ments used mouse cell lines, our Progeni pipeline only considered human proteins (e.g., when

determining the frequency of disease-protein co-occurrence and protein-protein similarity).

Another limitation is that we need to fully retrain Progeni for every new dataset, which gener-

ally requires additional computational cost. It will be meaningful to reduce such computa-

tional cost by eliminating the need for a full retraining process in future research.

In summary, our research has demonstrated that Progeni excels in the accurate prediction

of novel disease targets with biological significance. This achievement can be mainly attributed

to our pioneering approach, which integrates literature evidence with heterogeneous biological

networks to build a probabilistic knowledge graph. We believe that Progeni may provide a

powerful and useful tool for target identification and thus facilitate the drug discovery process.

Methods

Data processing

We first compiled a set of heterogeneous biological networks originally collected from [17] to

construct a probabilistic knowledge graph and evaluate the performance of Progeni. This set

of heterogeneous biological networks contained the following information: a protein-protein

interaction network downloaded from the HRPD database release 9 [40], a drug-drug interac-

tion network and a drug-protein interaction network derived from the DrugBank database

version 3.0 [41], a drug-disease association network and a protein-disease association network

extracted from the Comparative Toxicogenomics Database [11], and a drug-side effect associa-

tion network obtained from the SIDER database version 2 [42] (Table A in S1 Text). These

networks contained a total of 12, 015 biological entities, including 1, 512 proteins, 708 drugs,

5, 603 diseases, and 4, 192 side effects. Based on these networks, a heterogeneous graph was

then constructed, which contained 1, 596, 745 protein-disease associations out of 1, 895, 454

relations. In addition, we integrated two extra biological networks: a drug-drug-structure-sim-

ilarity network, computed using RDKit (http://www.rdkit.org/) according to the Dice similar-

ity of the Morgan fingerprints with radius 2 [43], and a protein-protein-sequence-similarity

network, computed according to the Smith-Waterman scores [44] with the BLOSUM50 sub-

stitution matrix [45].

In our applications of predicting targets for human melanoma and colorectal cancer with

experimental validation, we compiled a new dataset of heterogeneous biological networks

from more recent open databases that contained larger numbers of diseases and proteins. In

particular, in this new dataset, we derived a protein-disease association network from DisGe-

NET [10], a protein-protein interaction network and a drug-side effect network from Decagon

[46], a drug-drug interaction network and a drug-disease association network from MINER

[47], and a drug-protein interaction network from both Decagon and MINER (Table B in S1

Text). Note that we used only the expert-curated data in DisGeNET, i.e., excluding those
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samples inferred from indirect evidence. These networks contained a total of 27, 467 biological

entities, including 9, 045 proteins, 227 drugs, 10, 111 diseases, and 8, 084 side effects. The con-

structed heterogeneous graph contained 77, 429 protein-disease associations out of 865, 970

relations. Note that a drug-drug-structure-similarity network and a protein-protein-sequence

similarity network were also computed using the same tools as above. More details about this

new network dataset can be found in S1 Text.

The probabilistic knowledge graph

Progeni integrates literature evidence with the heterogeneous biological network data men-

tioned in the previous section to construct a probabilistic knowledge graph (prob-KG). The lit-

erature evidence was gathered through the curation of about three million papers from the

PubMed database maintained by the United States National Library of Medicine (NLM) [48].

These papers contain abundant evidence about the associations and interactions between bio-

logical entities.

Our probabilistic knowledge graph (prob-KG) G consists of nodes (representing biological

entities) v 2 V of entity types t 2 T and edges (representing relations) e 2 E of relation types r
2 R defined between two entity types (e.g., proteins and diseases). Here, the entity type set T is

defined as T = {drug, target (protein), side effect, disease}, and the relation type set R is defined

ase.g. R = {drug-drug interaction, drug-side effect association, drug-protein interaction, drug-dis-
ease association, protein-disease association, protein-protein interaction, drug-drug structure
similarity, protein-protein sequence similarity}.

If the relation r 2 Rs = {drug-drug structure similarity, protein-protein sequence similarity},

edges are formed between all pairs of entities of the corresponding types, forming a fully-con-

nected subgraph. The edge probability p(e) for an edge e = (i, j, r) is then defined as the com-

puted similarity score between entities i and j.
If the relation r is an association/interaction (e.g., drug-protein interaction or protein-disease

association), an edge is formed between entities i and j in G if an association/interaction

between them is observed in the corresponding biological network. For each edge e = (i, j, r),
we define an edge probability p(e) based on (i) the relation type r, (ii) the existence of the corre-

sponding association/interaction in the biological networks, and (iii) the co-occurrence fre-

quency between entities i and j in the literature evidence:

pðeÞ ¼ ðsðCr½i; j� þ aÞ � 1Þ � 1Rc
ðrÞ þ 1; ð1Þ

where sðxÞ ¼ 1

1þe� x stands for the sigmoid function, Cr[i, j] represents the co-occurrence fre-

quency between entities i and j in the literature evidence, α stands for a hyperparameter, Rc =

{drug-protein interaction, drug-disease association, protein-disease association}, and 1Rc
ðrÞ

denotes the following indicator function:

1Rc
ðrÞ ¼

1; if r 2 Rc;

0; if r =2 Rc:

(

ð2Þ

Here, the Cr values are computed via substring matching using the Trie hashing algorithm (S1

Text).

Inference of new targets

Progeni learns the latent feature embeddings of nodes in the prob-KG and then uses them to

reconstruct the knowledge graph, upon which the high-probability edges are retrieved and

analyzed, thus revealing the potential target candidates. Progeni first uses the relation type-
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specific graph neural networks to aggregate the neighborhood information for every node in

the prob-KG and then projects the aggregated information onto a feature vector space to

obtain the node embeddings. More specifically, for a relation type r 2 R defined between enti-

ties of types a, b 2 T, we define a probabilistic adjacency matrix Pr, whose entry Pr[i, j] = p(e) if

a corresponding relation between entities i and j is observed in the biological networks and

Pr[i, j] = 0 otherwise. Then, for all nodes of entity type a, a graph neural network is employed

to calculate the aggregated neighborhood information matrix Ya as follows:

Ar ¼ 1Rs
ðrÞ ∗ Pr þ ð1 � 1Rs

ðrÞÞ ∗ IðPr > 0Þ;

Âr ¼
Ar

kArk2

;

Ya ¼
X

r2Ra
ÂrXbWr;

ð3Þ

where Rs = {drug-drug structure similarity, protein-protein sequence similarity} stands for the

set of the two similarity relation types, 1Rs
ðrÞ stands for the indicator function as defined in Eq

2, I(Pr> 0) stands for a binarization of Pr, where positive entries of Pr are mapped to one and

all of its zero entries are retained, Ra denotes the set of relation types defined between a and

any entity type (including a itself), Xb stands for a learnable initial embedding matrix for all

entities of type b connected to entities of type a via edges of relation type r, and Wr represents

a learnable weight matrix defined specifically for relation type r.
The aggregated information matrix Ya is then combined with the initial embedding matrix

Xa to generate a new node embedding matrix Za for entity type a in a projection step as fol-

lows:

~Za ¼ ReLUððYajXaÞW1Þ;

Za ¼
~Za

k~Zak2

;

ð4Þ

where ‘|’ stands for the concatenation operation, ReLU(x) = max{x, 0} represents the ReLU

activation function, and W1 denotes a learnable weight matrix applied to all entity types.

Progeni then reconstructs the edge probability matrix Pr using the new node embedding

matrices Za and Zb. Minimizing a weighted sum of the differences between the ground truth

and the reconstructed matrices Prs for all relation types is the optimization objective of Pro-

geni:

min
Y

X

r

kðZaGrH
T
r Z

T
b � PrÞ∗Mrk

2

2
;

Y ¼ fXaja 2 Tg [ fWr;Gr;Hrjr 2 Rg [ fW1g;

Mr½i; j� ¼
sðCr½i; j� þ bÞ � 1

sðCr½i; j� þ aÞ
Pr½i; j� � 1Rc

ðrÞ þ 1;

ð5Þ

where Za and Zb represent the node embedding matrices as defined in Eq 4, Gr, Hr stand for

the relation-type-specific projection matrices that map the node feature space to the edge

probability space, Θ denotes the set of all learnable parameters, including the initial node

embedding matrices Xa for all entity types a 2 T (Eq 3), the weight matrix Wr (Eq 3) and pro-

jection matrices Gr, Hr for all relation types r 2 R, and the global weight matrix W1 applied to

all entity types (Eq 4), and the matrix Mr weights the differences between the reconstructed
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and ground truth matrices of Pr. In the calculation of the entry Mr[i, j], β stands for a hyper-

parameter, and α, σ(�), Rc, and 1Rc
ðrÞ are all the same as defined in Eq 1.

In the implementation of Progeni, the ℓ2-regularization terms on all the parameters in Θ
are also added to the optimization objective to prevent overfitting the training set. Moreover, if

r 2 {drug-drug structure similarity, protein-protein sequence similarity, drug-drug interaction,

protein-protein interaction}, where the corresponding matrices Pr are symmetric, the con-

straint Gr = Hr is also imposed to enforce such a symmetry.

It is also worth noting that there may still exist evidence in the literature supporting those

unobserved interactions/associations in the biological networks. Nevertheless, such corre-

sponding literature evidence is not integrated into Progeni (see Eqs 3, 4 and 5), thus preventing

the potential data leakage problem during our cross-validation process.

Cross-validation settings

We developed two cross-validation tests to evaluate Progeni and the baseline models, i.e., the

entry-wise cross-validation and the cluster-wise cross-validation. In the entry-wise cross-vali-

dation, we conducted a randomly stratified split on individual entries of the edge probability

matrix. In particular, the entries were divided into five folds, where the positive-to-negative

ratio of each fold was roughly the same as that of the whole dataset. For each of the five itera-

tions, we sequentially chose one fold as the test set and sampled 10% of the remaining four

folds as the validation set for hyperparameter tuning (i.e., the remaining 90% constituted the

training set).

In the cluster-wise cross-validation, we first conducted agglomerative clustering on the col-

umns of the ground truth TDA matrix (i.e., the target association profiles of the diseases)

according to their pairwise Jaccard similarities. We then partitioned the resulting clusters of

columns. The positive-to-negative ratios of the training, validation, and test sets and their

respective sizes were about the same as those in the entry-wise cross-validation scheme.

Ablation studies

To show that integrating literature evidence into the knowledge graph was necessary for

achieving better model performance, we also developed four models as control and then tested

them in our ablation studies. They differ from Progeni mainly in defining the edge probability

p(e) and the weight Mr[i, j]. We first define a randomized edge probability p0(e):

p0ðeÞ ¼ ðu1ðsðaÞ; 1Þ � 1Þ � 1Rc
ðrÞ þ 1; ð6Þ

where u1(a, b) randomly samples a value offline from a uniform distribution between the

interval [a, b), and α, σ(�), Rc, and 1Rc
ðrÞ are all the same as defined in Eq 1. Here, when r 2 Rc,

p0(e) corresponds to a uniform sample between the interval [σ(α), 1), which is the range of all

possible p(e) values when Cr[i, j] varies between [0, +1) (see Eq 3).

We also define a randomized probabilistic adjacency matrix P0r in a similar manner to that

of Pr: P0r½i; j� ¼ p0ðeÞ if a corresponding relation between entities i and j is observed in the bio-

logical networks and P0r½i; j� ¼ 0 otherwise.

We then define a randomized weight matrix M0
r:

M0
r½i; j� ¼

u2ðsðbÞ; 1Þ � 1

u1ðsðaÞ; 1Þ
P0r½i; j� � 1Rc

ðrÞ þ 1; ð7Þ

where β is the same as defined in Eq 5, u1(a, b) is the same as defined in Eq 6, u2(a, b) randomly

samples a value offline from a uniform distribution between the interval [a, b) (sampled
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independently of u1), and σ(�), Rc, and 1Rc
ðrÞ are all the same as defined in Eq 1. Here, when r

2 Rc and an interaction/association is observed between entities i and j, M0
r½i; j� corresponds to

a uniform sample between the interval [σ(β), 1), which is the range of all possible Mr[i, j] values

when Cr[i, j] varies between [0, +1) (see Eq 5). Also, when no interaction/association is

observed between entities i and j, M0[i, j] = M[i, j] = 1.

The following models were then developed as control to nullify the literature evidence inte-

grated in the probabilistic knowledge graph: Progeni_og (i.e., no literature evidence inte-

grated), Progeni_rp (i.e., using random edge probabilities), Progeni_rw (i.e., using random

loss weights), and Progeni_rpw (i.e., using both random edge probabilities and random loss

weights). We define the optimization objectives of these four models as follows:

min
Y

X

r

kZaGrH
T
r Z

T
b � Ark

2

2
; ðProgeni ogÞ ð8Þ

min
Y

X

r

kðZaGrH
T
r Z

T
b � P0rÞ∗Mrk

2

2
; ðProgeni rpÞ ð9Þ

min
Y

X

r

kðZaGrH
T
r Z

T
b � PrÞ∗M0

rk
2

2
; ðProgeni rwÞ ð10Þ

min
Y

X

r

kðZaGrH
T
r Z

T
b � P0rÞ∗M

0

rk
2

2
; ðProgeni rpwÞ ð11Þ

where Θ, Gr, and Hr are all the same as defined in Eq 5, Za and Zb are the node embedding

matrices as defined in Eq 4, Ar is the same as defined in Eq 3, and Pr, Mr stand for the edge

probability and weight matrices used in the Progeni model, respectively.

Cell culture

MC38, B16F10, and CT26 cells were purchased from the American Type Culture Collection

and cultured in cell incubators at 37˚C with 5% CO2. The cells were then cultured in the Dul-

becco’s modified Eagle’s medium (DMEM) supplemented with 10% fetal bovine serum, 1%

non-essential amino acid, 1% 4-(2-hydroxyethyl)-1-piperazineethanesulfonic acid (HEPES),

100 U/ml penicillin, and 100 μg/ml streptomycin.

Reagents

Tanespimycin (CAS: 75747–14-7), and SNX-5422 (CAS: 908115–27-5), and Phentolamine

(CAS: 65–28-1) were purchased from Abmole BioScience, Shanghai, China. All compounds

were dissolved in DMSO as 10 μM or 100 μM stocks, stored at −20˚C, and diluted by DMEM

complete medium before use.

Generation of the shRNA knockdown cell lines

Short hairpin RNA (shRNA)-carrying constructs were derived from the MISSION LentiPlex

Mouse shRNA Library (Sigma) and then used for the knockdowns of target genes in cell lines.

Briefly, 293T cells (purchased from the American Type Culture Collection) were trans-

fected with the transfer plasmid, psPAX2, and pMD2.G. After 48 hours, supernatants contain-

ing lentivirus were collected, filtered through a 0.45 μm membrane, and stored at −80˚C

before use. Next, MC38 or B16F10 cells were transduced with lentivirus in the presence of

8 μg/ml polybrene. Finally, two days after transduction, the cells were selected with puromycin

until resistant clones emerged.
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Targeting sequences of shRNAs used in this study are listed below.

shAdcy5:

CCGGGCTGCAGATATTCCGCTCTAACTCGAGTTAGAGCGGAATATCTGCAGCTT

TTTG

shAdra2a:

CCGGGCTCATGCTGTTCACAGTATTCTCGAGAATACTGTGAACAGCATGAGCTT

TTT

shEef2:

CCGGCGTGCCATCATGGACAAGAAACTCGAGTTTCTTGTCCATGATGGCACGTT

TTTG

shHsp90ab1:

CCGGGCTGAACAAGACAAAGCCTATCTCGAGATAGGCTTTGTCTTGTTCAGCTT

TTT

shRps6Kb1:

CCGGGCATGGAACATTGTGAGAAATCTCGAGATTTCTCACAATGTTCCATGCTT

TTT

shMme:

CCGGGCAACCTATGATGATGGCATTCTCGAGAATGCCATCATCATAGGTTGCTT

TTTG

Control shRNA (Non-targeting shRNA):

CCGGCAACAAGATGAAGAGCACCAACTCGAGTTGGTGCTCTTCATCTTGTTGTT

TTT

CCK-8 assay

To examine the proliferation of knockdown cell lines, we seeded equal numbers of cells in the

DMEM complete medium for 36 hrs. Then, the CCK-8 assay was performed according to the

manufacturer’s instructions, and the optical density (OD) values were normalized to control

cells. Finally, to evaluate the potential cytotoxicity, we treated the cells with inhibitors for 48

hrs, followed by a CCK-8 assay.

Patient survival analyses

The Kaplan-Meier (KM) plots were generated by UCSC Xena (https://xenabrowser.net). The

COAD and SKCM datasets from The Cancer Genome Atlas (TCGA) were selected to validate

the target candidates predicted by Progeni for colorectal cancer and melanoma, respectively.

Statistics in experimental validation

The data of the CCK-8 assay were represented as mean ± SD and compared using an unpaired

Student’s t-test. The survival curves were compared using a log-rank (Mantel-Cox) test.

Supporting information

S1 Text. Supplementary information file. Figure A, Tables A-N, and other supplementary

information are included. Table A: Summary of the biological networks used in our perfor-

mance evaluation process and their respective data sources. Table B: Summary of the new bio-

logical networks used in the applications of Progeni to predict the target candidates of human

melanoma and colorectal cancer and their respective data sources. Table C: The supplemen-

tary results on the ablation studies in the cluster-wise cross validation test (mean ± standard

deviation). The results where Progeni outperformed all control methods are presented in bold.
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Table D: The top 10 unobserved targets candidates predicted by Progeni for bronchitis.

Table E: The top 10 unobserved targets candidates predicted by Progeni for pulmonary arterial

hypertension (PAH). Table F: The top 10 unobserved targets candidates predicted by Progeni

for liver neoplasms. Table G: Literature counts for the top 15 novel targets predicted by Pro-

geni for melanoma. Table H: Literature counts for the top 15 novel targets predicted by Pro-

geni for colorectal cancer. Table I: OD values for the B16F10 cells (melanoma) following

shRNA knockdown. The results correspond to Fig 5A in the manuscript. Table J: OD values

for the MC38 cells (CRC) following shRNA knockdown. The results correspond to Fig 6A in

the manuscript. Table K: OD values for the B16F10 cells (melanoma) after 48h treatment with

the HSP90AB1 inhibitor tanespimycin. The results correspond to Fig 5E in the manuscript.

Table L: OD values for the B16F10 cells (melanoma) after 48h treatment with the HSP90AB1

inhibitor SNX-5422. The results correspond to Fig 5F in the manuscript. Table M: OD values

for the MC38 cells (CRC) after 48h treatment with the ADRA2A inhibitor phentolamine. The

results correspond to Fig 6E in the manuscript. Table N: OD values for the CT26 cells (CRC)

after 48h treatment with the ADRA2A inhibitor phentolamine. The results correspond to Fig

6F in the manuscript. Fig A: (A)-(B), Survival curves of the metastatic melanoma patients

from The Cancer Genome Atlas (TCGA) with high or low expression of genes HSP90AB1
(n = 50, (A)) and MME (n = 50, (B)), respectively. (C), Survival curves of the primary mela-

noma patients from TCGA with high or low expression of RPS6KB1 (n = 172).

(PDF)
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myd88 signalling in the development and progression of pulmonary hypertension. European Respira-

tory Journal, 48(2):470–483, 2016. https://doi.org/10.1183/13993003.01448-2015 PMID: 27418552

35. Tsai Tsung-Yu, Huang Ming-Ting, Sung Pei-Shan, Peng Cheng-Yuan, Tao Mi-Hua, Yang Hwai-I,

Chang Wei-Chiao, Yang An-Suei, Yu Chung-Ming, Lin Ya-Ping, et al. Siglec-3 (cd33) serves as an

immune checkpoint receptor for hbv infection. The Journal of clinical investigation, 131(11), 2021.

https://doi.org/10.1172/JCI141965 PMID: 34060491

36. Wang Huanan, Deng Guangxu, Ai Meiling, Xu Zhijun, Mou Tingyu, Yu Jiang, Liu Hao, Wang Shuang,

and Li Guoxin. Hsp90ab1 stabilizes lrp5 to promote epithelial–mesenchymal transition via activating of

akt and wnt/β-catenin signaling pathways in gastric cancer progression. Oncogene, 38(9):1489–1507,

2019. https://doi.org/10.1038/s41388-018-0532-5 PMID: 30305727

PLOS COMPUTATIONAL BIOLOGY In-silico target identification

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1011945 April 5, 2024 22 / 23

https://doi.org/10.1093/bioinformatics/bty543
http://www.ncbi.nlm.nih.gov/pubmed/30561548
https://doi.org/10.1038/s41392-021-00568-6
http://www.ncbi.nlm.nih.gov/pubmed/33895786
https://doi.org/10.1038/s41592-022-01616-x
https://doi.org/10.1038/s41592-022-01616-x
http://www.ncbi.nlm.nih.gov/pubmed/36192463
https://doi.org/10.1016/S1359-6446(00)01468-9
http://www.ncbi.nlm.nih.gov/pubmed/10729820
https://doi.org/10.1371/journal.pone.0039809
http://www.ncbi.nlm.nih.gov/pubmed/22768130
https://doi.org/10.1378/chest.13-0274
https://doi.org/10.1378/chest.13-0274
http://www.ncbi.nlm.nih.gov/pubmed/23538783
https://doi.org/10.1164/rccm.201304-0733OC
https://doi.org/10.1164/rccm.201304-0733OC
http://www.ncbi.nlm.nih.gov/pubmed/24040746
https://doi.org/10.1183/13993003.01448-2015
http://www.ncbi.nlm.nih.gov/pubmed/27418552
https://doi.org/10.1172/JCI141965
http://www.ncbi.nlm.nih.gov/pubmed/34060491
https://doi.org/10.1038/s41388-018-0532-5
http://www.ncbi.nlm.nih.gov/pubmed/30305727
https://doi.org/10.1371/journal.pcbi.1011945


37. Haase Michael and Fitze Guido. Hsp90ab1: Helping the good and the bad. Gene, 575(2):171–186,

2016. https://doi.org/10.1016/j.gene.2015.08.063 PMID: 26358502

38. Kuniyasu Hiroki, Luo Yi, Fujii Kiyomu, Sasahira Tomonori, Moriwaka Yukiko, Tatsumoto Naokuni,

Sasaki Takamitsu, Yamashita Yuichi, and Ohmori Hitoshi. Cd10 enhances metastasis of colorectal can-

cer by abrogating the anti-tumoural effect of methionine-enkephalin in the liver. Gut, 59(3):348–356,

2010. https://doi.org/10.1136/gut.2009.178376 PMID: 19828468

39. Li Pin Dong, Zhang Wen Jie, Zhang Mei Ying, Yuan Lin Jing, Cha Yin Lian, Ying Xiao Fang, Wu Gang,

and Wang Hui Yun. Overexpression of rps6kb1 predicts worse prognosis in primary hcc patients. Medi-

cal Oncology, 29(5):3070–3076, 2012. https://doi.org/10.1007/s12032-012-0268-y PMID: 22684641

40. Keshava Prasad TS, Goel Renu, Kandasamy Kumaran, Keerthikumar Shivakumar, Kumar Sameer,

Mathivanan Suresh, Telikicherla Deepthi, Raju Rajesh, Shafreen Beema, Venugopal Abhilash, et al.

Human protein reference database—2009 update. Nucleic acids research, 37(suppl_1):D767–D772,

2009. https://doi.org/10.1093/nar/gkn892 PMID: 18988627

41. Knox Craig, Law Vivian, Jewison Timothy, Liu Philip, Ly Son, Frolkis Alex, Pon Allison, Banco Kelly,

Mak Christine, Neveu Vanessa, et al. Drugbank 3.0: a comprehensive resource for ‘omics’ research on

drugs. Nucleic acids research, 39(suppl_1):D1035–D1041, 2010. https://doi.org/10.1093/nar/gkq1126

PMID: 21059682

42. Kuhn Michael, Campillos Monica, Letunic Ivica, Jensen Lars Juhl, and Bork Peer. A side effect resource

to capture phenotypic effects of drugs. Molecular systems biology, 6(1):343, 2010. https://doi.org/10.

1038/msb.2009.98 PMID: 20087340

43. Rogers David and Hahn Mathew. Extended-connectivity fingerprints. Journal of chemical information

and modeling, 50(5):742–754, 2010. https://doi.org/10.1021/ci100050t PMID: 20426451

44. Smith Temple F, Waterman Michael S, et al. Identification of common molecular subsequences. Jour-

nal of molecular biology, 147(1):195–197, 1981. https://doi.org/10.1016/0022-2836(77)90031-6 PMID:

7265238

45. Henikoff Steven and Henikoff Jorja G. Amino acid substitution matrices from protein blocks. Proceed-

ings of the National Academy of Sciences, 89(22):10915–10919, 1992. https://doi.org/10.1073/pnas.

89.22.10915 PMID: 1438297

46. Zitnik Marinka, Agrawal Monica, and Leskovec Jure. Modeling polypharmacy side effects with graph

convolutional networks. Bioinformatics, 34(13):i457–i466, 2018. https://doi.org/10.1093/bioinformatics/

bty294 PMID: 29949996

47. Stanford SNAP Group. Miner: Gigascale multimodal biological network. https://github.com/snap-

stanford/miner-data, 2017.

48. Richard J Roberts. Pubmed central: The genbank of the published literature, 2001.

PLOS COMPUTATIONAL BIOLOGY In-silico target identification

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1011945 April 5, 2024 23 / 23

https://doi.org/10.1016/j.gene.2015.08.063
http://www.ncbi.nlm.nih.gov/pubmed/26358502
https://doi.org/10.1136/gut.2009.178376
http://www.ncbi.nlm.nih.gov/pubmed/19828468
https://doi.org/10.1007/s12032-012-0268-y
http://www.ncbi.nlm.nih.gov/pubmed/22684641
https://doi.org/10.1093/nar/gkn892
http://www.ncbi.nlm.nih.gov/pubmed/18988627
https://doi.org/10.1093/nar/gkq1126
http://www.ncbi.nlm.nih.gov/pubmed/21059682
https://doi.org/10.1038/msb.2009.98
https://doi.org/10.1038/msb.2009.98
http://www.ncbi.nlm.nih.gov/pubmed/20087340
https://doi.org/10.1021/ci100050t
http://www.ncbi.nlm.nih.gov/pubmed/20426451
https://doi.org/10.1016/0022-2836(77)90031-6
http://www.ncbi.nlm.nih.gov/pubmed/7265238
https://doi.org/10.1073/pnas.89.22.10915
https://doi.org/10.1073/pnas.89.22.10915
http://www.ncbi.nlm.nih.gov/pubmed/1438297
https://doi.org/10.1093/bioinformatics/bty294
https://doi.org/10.1093/bioinformatics/bty294
http://www.ncbi.nlm.nih.gov/pubmed/29949996
https://github.com/snap-stanford/miner-data
https://github.com/snap-stanford/miner-data
https://doi.org/10.1371/journal.pcbi.1011945

