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Drug development is expensive, prone to high failure rate in commercialization.

Drug repurposing screens documented

molecules to uncover therapeutic ("positive")

drug-disease associations from unknown pairs

GOAL Learn classifier C(xi,xu) ∈ {0, 1} , xi, resp. xu ∈ RF are the drug

(resp. disease) feature vectors of size F
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Methods – Joint Embedding Learning-classifier for improved Interpretability (JELI)

Results – Interpretability and drug repurposing performance
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Interpretability can be obtained by feature-attribution methods [1-2]
φC(xi,xu) ∈ RF where φC(xi,xu)j is the importance of feature j, j ≤ F

But post hoc approaches might lead to unreliable interpretations [3-4]

QUESTION Build a generic (drug repurposing) recommender system

with embedded importance scores

Fig. 1. Architecture of JELI for drug repurposing.
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Name Year #drugs #diseases Sparsity

Gottlieb 2016 593 313 98.96%

LRSSL 2017 763 681 99.41%

PREDICT-
Gottlieb

2022 593 313 98.96%

Name F #drugs #diseases Sparsity

TRANSCRIPT 12,096 204 116 98.26%

FMs without structure Separate RHOFM/Embedding (SELT)
FM 2nd order factorization machine SELT (PCA*) PCA embeddings

CrossFM on only drug-disease terms SELT (KGE) KG embeddings

Fig. 2. Barplots of true and predicted feature 

importance scores in synthetic data sets.

Fig. 3. Boxplots of NS-AUCs across synthetic 

data sets of variable sparsity numbers.

Fig. 4. Boxplots of AUCs of JELI and state-of-

the-art across drug repurposing data sets.

Fig. 5. Boxplots of AUC, NS-AUC and NDCG 

scores in JELI depending on the graph prior.

Fig. 6. Boxplots 

of NS-AUCs 

across the 

ablation study on 

synthetic data sets 

in JELI.
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