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Biological Knowledge Graph
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Abstract With the advancement of science and technology, the demand for space exploration has be-
come particularly urgent. However, the microgravity environment in space has negative impacts on the
physiological and psychological health of astronauts, including decreased bone density, muscle atrophy,
and changes in cardiovascular function. These challenges pose significant barriers to the realization of
long-term space habitation and deep space exploration. To address these challenges, this study inte-

grates Microgravity Biomedical Knowledge Graphs (MBKG) and Drug Repurposing Knowledge Graphs
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(DRKG) to construct a comprehensive knowledge graph that covers a wide range of diseases, drugs, and

genes, as well as the complex relationships between entities. Based on this, the study trains and uses a

new ternary relationship prediction model, Heterogeneous Causal Meta path Graph Neural Network
(HCMGNN), to obtain prediction results. The results show that compared with traditional binary link

prediction in knowledge graphs, the ternary prediction method proposed in this study has a significant

advantage in improving the accuracy of gene and drug predictions. The study concludes that the ternary

relationship model is effective and has the potential to explore the prediction of gene-drug-disease

ternary relationships, provide new methods and research ideas for the physiological and psychological

health of astronauts in future space exploration and drug repurposing research, and opening up new per-

spectives in the field of drug repurposing.
Key words

Graph neural network
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gene:disease:Y GNBR::Y::Gene:Disease Y
gene:disease:X GNBR::X::Gene:Disease X

gene:gene: W GNBR::W::Gene:Gene W
gene:gene:V+ GNBR::V+::Gene:Gene V+
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chemical:disease:Pr GNBR::Pr::Compound:Disease Pr
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Table 3 Results of TransE model embedding training
PR 45
Average MRR 0.737
Average MR 6.67
Average HITS-10 0.640
Average HITS-3 0.804
Average HITS-10 0.911




=

500

ISk, BARIHERE R TT 5 SR HET B, R
HARHET; MRR 25550 0.857 F/m el b, iF
WA R HEA BBV BUR 0.857, RV IE % REWS1E
HEALE S ATT 1.17(HD 1/0.857) M E R B ERE %K,
T AERR M . ST PERE IR A R TR 4, RS
FLAT A SCRAIESS SRR, 33X 7 WIR A EAG ARG (%) F0]
R Az AL RE. BT AT 28 SCSR TR AR AL (Y B E
T 57 03 0] 0 A TR A S SR FH A

B B AT AE B EZE SR 5 TransE 285 B x%F He & F,
T AT A OB IE 45 SR ) Average HITS Fl Average
MRR #Ji5 T TransE 4558, MIZEATENL S X e
EARMFFEH, £ HCMGNN #47 =T n] LI152)
AMETAE G R T AR S oo ol A 25 5L . teah,
IR A T T N R TR I VAR o 8 Tt B U I D
Epoch REUCR 1%, Average HITS, Average NDCG,
Average MRR —/MTH 4655 A9, FIH Python
i) matplotlib f 45 T2k 14l 3 K] 4 WoRBIRIIL T
PEOBE 24 2] i 7R
2.3.3 HERTMEER

£T MBKG ) =J0 6 R AR, AT LAE
JEBIAAAE Osteoporosis, MeshID:D010024, =JGK &
G’ 5746 R, TN S IZGER A OCHY SR RN 258, 15
BT 43 AT 10 By FHE R 259 —50m =0 &R (W3R 5).
KR KA A B i e IR, 45 9 7R i 10 > Tt
hAR s HES 1, 3, 4, 5, 6, 9 F1 10 B =JC KRN =
AR CWEUE SEAFEAE P A BAE . 7EHESS 2, 7 AN
8 F=Ju K&, HATHIPTTEBEA BHART CYP19 Al
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Dexamethasone Z [B] ) HHEAH BAEH.
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Genistein J&—Fp & 55 B, B 0E BT 8 5T o A e
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Table 4 Results of 5-fold cross-validation and the results of independence validation
AT SURHIESS R A SE PR IESS
WSS 4 WA AR kA

Average HITS-1 0.761 Average HITS-1 0.865
Average HITS-3 0.944 Average HITS-3 0.980
Average HITS-5 0.981 Average HITS-5 0.990
Average NDCG-1 0.761 Average NDCG-1 0.865
Average NDCG-3 0.872 Average NDCG-3 0.872
Average NDCG-5 0.886 Average NDCG-5 0.934
Average MRR 0.857 Average MRR 0.921
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Fig. 3

Line graphs of Eyrs.y and Average MRR Results for 5-fold cross-validation and independence validation.

(a) Independence validation Egrg.yresult line graph, (b)~(f) five-fold cross-validation

Eyrrs.y result line graphs. (g) independence validation Average MRR result line graph,

(h)~(1) five-fold cross-validation Average MRR result line graphs
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Line graphs of Average NDCG results for 5-fold cross-validation and independence validation.

(a) Independence validation Average NDCG result line graphs, (b)~(f) the five-fold cross-validation

Average NDCG result line graphs. The horizontal scale shows the change

in Epcho, the vertical scale shows the change in Average NDCG
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Table 5 Gene-compound-disease ternary relationships with Top 10 predicted scores
Rank Gene_id Gene name Compound _id Compound _name Score
1 Gene::632 BGLAP Compound::DB01645 Genistein -1.96359
2 Gene::1588 CYP19 A1 Compound::DB01645 Genistein —-2.00393
3 Gene::5468 PPARy Compound::DB01645 Genistein —2.06026
4 Gene::7040 TGF-B1 Compound::DB01645 Genistein 2.06260
5 Gene::2099 ESR1 Compound::DB06202 Lasofoxifene —2.13473
6 Gene::5745 PTH1 R Compound::DB06285 Teriparatide —2.16564
7 Gene::2908 NR3 C1 Compound::DB00624 Testosterone ~2.19646
8 Gene::268 AMH Compound::DB01234 Dexamethasone —2.41574
9 Gene::2099 ESR1 Compound::DB06249 Arzoxifene 2.42039
10 Gene::5745 PTH1 R Compound::DB01234 Dexamethasone 2.43293
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