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Motivation |/ Linked Data | /Graph Embeddings  Evaluation

0 Questions asked during the Hypothesize-
test-evaluate cycle: “Which antineoplastic r h | \\\
agents target IDH1 gene in glioma patients?” h t \ e

U Requires precise answers (in above example, vy .
the corresponding drugs) or relevant -omics /- d, )
datasets for further analysis. v/ hy

U Semantic Web and Linked Data technologies > = - -
(RDF and SPARQL) towards tackling the
integrative bioinformatics challenges.

U Querying Life Sciences Linked Open Data
(LSLOD) Cloud has a steep learning curve.

U Natural language querying method over the
LSLOD network to enable scalable,
autonomous discovery of relevant answers
and datasets for evaluating hypotheses. ¥
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Extrinsic Evaluation: MESH Recommendations
Aach biomedical abstract is provided with
Medical Subject Headings (MESH) manually.
Alrain: 8.3M+, Valid: 2.7M+, Test: 2.7M+ abstracts
Maseline is KNN algorithm and simple TF-IDF
vectors (K=6):- Precision: 0.31, Recall: 0.45

a B-layer Neural Network, with 20 and 300 hidden

- . | nodes respectively, 25 Epochs, 27K MESH Terms
WO rd E m b e d d I n @ S j Emgsg‘ijﬁgcsy\friggéézﬁg’;;/g;ggsxsggigrgw (a= 0.001, | = 0.001) :- Precision: 0.86, Recall: 0.22.
Neural Network Architecture
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Conclusion

U Word & Graphembeddingand NeuralNetwork
Word Embeddings Graph Embec@gz architecturethat can translate NL-queries to

structuredriples andprovidea usablenterfaceo

‘ tacklantegrativéioinformaticshallenges
a/ U More rigorousevaluation®f graph embeddings
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