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1 Supplementary details on the biological network data

In our performance evaluation process, we compiled the input biological networks mainly from [1].
The details of the networks in this dataset are summarized below in Table S1.

Relation type Size #Edges Data source
Protein-protein interaction (1512, 1512) 7363 HRPD database release 9 [2]

Drug-drug interaction (708, 708) 10036
Drugbank 3.0 [3]

Drug-protein interaction (708, 1512) 1932

Drug-disease association (708, 5603) 199214
Comparative Toxicogenomics Database [4]

Drotein-disease association (1512, 5603) 1596745

Drug-side effect association (708, 4192) 80164 SIDER database version 2 [5]

Table S1: Summary of the biological networks used in our performance evaluation process and their respec-
tive data sources.

The computation of two additional biological networks, namely, the drug-drug structure similarity
and protein-protein sequence similarity networks, are described in Methods of the main text.

In the applications of Progeni to identify the target candidates of human melanoma and colorectal
cancer with experimental validation, we expanded and recompiled the network data from new sources
to incorporate wider ranges of proteins and diseases. The network data coupled with literature evidence
were again used to construct a new probabilistic knowledge graph, on which we retrained the Progeni
model. The new network data are summarized in Table S2:

Relation type Size #Edges Data source

Protein-protein interaction (9045, 9045) 611082
Decagon [6]

(http://snap.stanford.edu/decagon)
Drug-drug interaction (227, 227) 5748 MINER [7]

Drug-protein interaction (227, 9045) 10920 Decagon [6], MINER [7]
Drug-disease association (227, 10111) 93185 MINER [7]

Protein-disease association (9045, 10111) 77429 DisGeNET [8]
Drug-side effect association (227, 8084) 67606 Decagon [6]

Table S2: Summary of the new biological networks used in the applications of Progeni to predict the target
candidates of human melanoma and colorectal cancer and their respective data sources.

Here, the networks in MINER [7] were mainly based on the Drugbank 5.0 database [9] and the
Comparative Toxicogenomics Database [4], and the networks in Decagon [6] were mainly based on
the STITCH 5 database [10]. In addition, for the protein-disease association network, we used only the
expert-curated data in DisGeNET [8], i.e., without incorporating those samples inferred from indirect
evidence. We now describe the process of integrating these heterogeneous biological networks into
the construction of the prob-KG. First, we retained only those diseases in DisGeNET [8] with corre-
sponding MeSH/OMIM IDs. Next, among all protein-protein interactions from Decagon [6], we only
retained those between proteins in DisGeNET. We then used the PubChem identifier exchange ser-
vice (http://pubchem.ncbi.nlm.nih.gov/idexchange) to convert the drug identifiers
adopted by Decagon and MINER to InChI identifiers, and stored their intersections as the shared
drugs. The drug-drug interaction network was built by unioning the interactions observed in Decagon
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and MINER between the shared drugs. We then retained the drug-disease associations in MINER with
drugs from the list of shared drugs and diseases from DisGeNET. Finally, we kept the drug-side effect
associations in Decagon with drugs from the list of shared drugs.

2 Baseline methods

In this section, we briefly describe the baseline methods used in the comparisons with Progeni during
our performance evaluation process.

2.1 GTN

Graph transformer network (GTN) [11] is a state-of-the-art graph neural network (GNN) that has been
shown to achieve excellent performance on several benchmark node-classification tasks on hetero-
geneous networks (HNs). GTN utilizes meta-paths, i.e., paths on an HN connected with edges of
different types, based on which new adjacency matrices can be generated by multiplying the individual
adjacency matrices along the segments of meta-paths. Instead of relying on the pre-defined meta-paths
that generally require domain knowledge or manual selection, GTN learns the meta-paths by softly
selecting adjacency matrices based on the attention mechanism.

Though GTN is a node classification model, we can easily reform it to perform target identification
by appending a network reconstruction module similar to Eq. 5 and Eq. 8 in the main text:

min
∑
r

‖ZaGrH
T
r Z

T
b − Ar‖22, (S1)

where Za and Zb stand for the node embedding matrices derived from Z (see Eq. 5 in [11]), a matrix
representing all the learned feature embeddings of nodes, and Ar is the same as defined in Eq. 3 in the
main text.

2.2 DTINet

DTINet [1] is a machine learning-based framework for drug-target interaction (DTI) prediction through
integrating heterogeneous network information. DTINet employs random walk with restart (RWR)
and diffusion component analysis (DCA), together with a final projection step as defined in Eq. 8
in the main text. To reform the original DTI prediction task for target identification, we only need
to modify the RWR step in DTINet, which generates the diffusion states, i.e., latent representations,
of relevant nodes. More Specifically, DTINet integrates all individual networks containing drugs and
proteins (except for the drug-protein interaction network) to compute the diffusion states of drug and
protein nodes, respectively. We modified this RWR step by integrating all networks containing diseases
and proteins (except for the target-disease association network) to compute the diffusion states of the
disease and protein nodes, respectively.

2.3 RGCN

Relational graph convolutional network (RGCN) [12] is a simple GNN designed for addressing the
prediction tasks related to the highly multi-relational graphs. RGCN employs simple linear message
transformations in the graph convolutional layers to learn the hidden feature representations of nodes.
To perform target identification, we leveraged the same learning module as defined in Eq. 8 in the
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main text, after obtaining the feature embeddings of nodes through the forward propagation module of
RGCN.

2.4 HGT

Heterogeneous graph transformer (HGT) [13] is one of the state-of-the-art GNNs for modelling the
Web-scale heterogeneous graphs. HGT adopts heterogeneous mutual attention [13] to aggregate infor-
mation from neighbors. Briefly, in each iteration, query vectors are generated from the source node,
while the key and value vectors are generated from the neighboring nodes. With the generated query,
key, and value vectors, the attention mechanism is then employed to aggregate the neighborhood in-
formation. HGT additionally initiates a balanced neighborhood sampler, namely HGSampling [13],
for large-scale training, which is not included in our implementation as only a relatively small number
of nodes are in our HN used (see Methods in the main text). HGT learns the contextualized feature
representations of nodes for the downstream tasks such as missing link prediction, and we use the same
module as defined in Eq. 8 in the main text to perform target identification.

3 Supplementary results on the ablation studies in the cluster-wise
cross-validation test

Progeni_og Progeni_rpw Progeni_rp Progeni_rw Progeni
AUROC 0.810± 0.008 0.806± 0.007 0.808± 0.009 0.808± 0.007 0.814± 0.007

AUPR 0.501± 0.017 0.490± 0.013 0.502± 0.022 0.501± 0.014 0.516± 0.016

Table S3: The supplementary 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.

4 Top predictions for bronchitis, pulmonary arterial hypertension (PAH),
and liver neoplasms

Protein Name Uniprot ID Prediction Score
CTNB1 P35222 0.711

CDK2 P24941 0.632

CTFR P13569 0.587

APOA1 P02648 0.553

XDH P47989 0.509

AGTR2 P50052 0.473

AURKA O14965 0.469

ELN P15502 0.465

VGFR1 P17948 0.433

CO2A1 P02458 0.430

Table S4: The top 10 unobserved targets candidates predicted by Progeni for bronchitis.
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Protein Name Uniprot ID Prediction Score
IL1R1 P14778 0.395

ALDR P15121 0.361

TGFB3 P10600 0.343

2AAA P30153 0.342

NGAL P80188 0.340

MGST1 P10620 0.339

5NTD P21589 0.334

TYPH P19971 0.333

KCNH2 Q12809 0.329

ANT3 P01008 0.327

Table S5: The top 10 unobserved targets candidates predicted by Progeni for pulmonary arterial hypertension
(PAH).

Protein Name Uniprot ID Prediction Score
REG1A P05451 0.526

CD33 P20138 0.511

HRH4 Q9H3N8 0.487

1A1L1 Q96QU6 0.471

MMP25 Q9NPA2 0.451

SCN2A Q99250 0.442

IF2G P41091 0.438

GLP2R O95838 0.401

KCRU P12532 0.229

SCNND P51172 0.226

Table S6: The top 10 unobserved targets candidates predicted by Progeni for liver neoplasms.

5 The Trie hashing algorithm for computing Cr values

To efficiently search for the co-occurrences between thousands of pairs of entities in millions of papers
from the literature, we adopted the Trie hashing algorithm [14] for substring matching (Algorithm 1).
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Algorithm 1 Substring Matching with Trie Hashing

1: Goal: Record co-occurrence co[i, j] of M entities in N papers.
2: Collect all M names with at most k characters of the required entities as entity_list[M ][k].
3: Build Trie Tree:
4: for all entity_name ∈ entity_list do
5: current_node← tree_root
6: for all character ∈ entity_name do
7: if current_node.has_child(character) then
8: current_node← current_node.child(character)
9: else

10: current_node← current_node.add_child(character)
11: end if
12: end for
13: current_node.color ← entity_index
14: end for
15: Search in N articles:
16: for all article ∈ article_list do
17: for all phrase ∈ article do
18: current_node← tree_root
19: for all character ∈ phrase do
20: if current_node.has_child(character) then
21: current_node← current_node.child(character)
22: else
23: current_node← NULL
24: Break to match the next phrase.
25: end if
26: end for
27: if current_node 6= NULL then
28: Record i← current_node.color.
29: for all recorded entity indices j in this article do
30: co[i, j]← co[i, j] + 1
31: end for
32: end if
33: end for
34: end for

6



6 Supplementary results on the survival analyses of the top predicted
targets in melanoma and colorectal cancer
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Figure S1: 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 melanoma patients from TCGA with high or low expression of RPS6KB1 (n=172).
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Figure S2: Survival curves of the primary colorectal cancer patients from The Cancer Genome Atlas (TCGA)
with high or low gene expression of the genes ADRA2A (n=264, a) and EEF2 (n=264, b), respectively.

7 Literature counts for the top 15 novel targets predicted by Progeni
for melanoma and colorectal cancer

Gene name Literature count
CREB1 45
ERBB2 16

HSP90AB1 0
SDCBP 16
CYLD 9

RPS6KB1 0
P2RY12 0
HIF1A 16

TNFSF10 0
ADORA1 1
PIK3R1 4
HLA-A 27
MME 0

HTR1A 0
EEF2 1

Table S7: Literature counts for the top 15 novel targets predicted by Progeni for melanoma.
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Gene name Literature count
MDM2 20
ADCY5 0
PAX6 2

MAPK6 0
SLC6A3 0
ADRA2A 0

EEF2 0
GDNF 0

EIF4A3 0
LEP 49

CYP1A1 22
IDH2 2
IL2 0

DLG4 0
JAK2 22

Table S8: Literature counts for the top 15 novel targets predicted by Progeni for colorectal cancer.
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