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Drug development is expensive, prone to high failure rate in commercialization. - Interpretability can be obtained by feature-attribution methods [1-2]

DRUG @ @ (X', x") € RF where @<(x',x); is the importance of feature j, j < F
m) Drug repurposing screens documented  INFO
molecules to uncover therapeutic ("positive") n gég V) g@@ W But post hoc approaches might lead to unreliable interpretations | 3-4]
drug-disease associations from unknown pairs . -
i sc 2O,
GOAL Learn classifier C(x',x¥) € {0, 1}, X!, resp. x4 € RF are the drug QUESTION Build a generic (drug repurposing) recommender system
(resp. disease) feature vectors of size F with embedded importance scores

Methods — Joint Embedding Learning-classifier for improved Interpretability (JELI)

CLASSIFIER A linear Redundant Higher-Order Factorization Machine of
dimension d and order m=2 has parameters w® € R, w! € RY, w? € R, W € RFxd

F features

C(x',x") 2 1[ RHOFM(x, x4) > 0.5 ]

O
and RHOFM(x, x{) & (JL)O BN ILE s XU)VV + W? L < oF < Wf%F , Weoue - ) Xiopr X'rour Diseases
linear regression pairwise interaction term for (f, f) |
" can be defined for any structure and order m>1 1 Embeddings W

- Knowledge graph

NEEE EEE {\ Minimize
— L(w?, w!, w2, W)
KNOWLEDGE GRAPH PRIOR G(V, T) where drugs, diseases and features are

included in V, and T contains edges (h, r, t) where h,t e Vandr € {+, —, ...} Drugs Diseases
+ (resp. —) for positive (resp. negative) drug-disease pairs

d dimension

Drugs

EMBEDDING e = W,. is also the d-dimensional embedding of feature |

whereas e" = x"W (linear structure) for h a drug or a disease

F features

Joint learning score(h, r, t)

JOINT LEARNING It should minimize the soft margin ranking loss
L(wP®, w!, w?, W) 2%,  yerZn . yerlog(1+exp(1+score(h, r, t)-score(h, r, t)))
edges In prior edges nhot in prior RHOFM C|ass|f|er
where score(h, r, t) 2 RHOFM(x", xt) if r = + else - RHOFM(x", xt) if r = —
else MuRE(e", e", e!) [5]

Fig. 1. Architecture of JELI for drug repurposing.

Results — Interpretability and drug repurposing performance

Predict a score for a drug-disease pair (h, t) — score(h, +, t) = RHOFM(x", x!) Feature-wise importance scores — for a linear RHOFM

Compute an embedding for a new drug / disease h — for a linear RHOFM eh = x"\W PC; = Zyoqg W, for feature f< F

# JELI reliably retrieves ground truth importance scores and is robust in synthetic
data sets

Interpretable "deviated" models x, x4, W*~nN(0, 0.1)
with sparsity number s € (0,1) C*(x', x") «— MASK; o o((x'+x")\W*)
= % of unknown drug-disease pairs

m) JELI is predictive on drug repurposing data sets

Name Year #drugs #diseases Sparsity

2016

Gottlieb 593 313 98.96%

LRSSL 2017 763 681 99.41%

Average (avg) Spearman's p across data sets Average AUC JELI 0.79 HAN 0.75 [6]
P(2k<q W*f,ka 2 <d Wf,k) = 0.92 NS-AUC [7]°<Z(h,+,t)ETz(n,-,t)ET 1(C(x",x!) =2 C(x2, x"))
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Sparsity number

Fig. 2. Barplots of true and predicted feature Fig. 3. Boxplots of NS-AUCs across synthetic
Importance scores In synthetic data sets. data sets of variable sparsity numbers.

Data set

Fig. 4. Boxplots of AUCs of JELI and state-of-
the-art across drug repurposing data sets.

=) JELI can integrate any graph prior m) Ablation study: structure & joint learning are crucial

TRANSCRIPT transcriptomic data set [8] “0.8 o FMs without structure Separate RHOFM/Embedding (SELT)
= 6k n=10"13 FM 2nd order factorization machine SELT (PCA*) PCA embeddings
Name F #drugs #diseases Sparsity 2 0.6/ . CrossFM on only drug-disease terms SELT (KGE) KG embeddings
D i_% B Sim o
0 _ ' — ‘ 5 =
TRANSCRIPT 12,096 204 116  98.26% “JO 4 I Sim+PPI 309 .ﬂ 5 ﬁ' I
. : : 5 o 0.8 B CrossFM
Sim (default)- drug-drug / disease-disease 2 ©0-2 707 B +
A . . = " = . Fig. 6. Boxplot
similarities, drug/disease-gene connections 0.0/ | m— Z 8-2 s EEE SELT (PCAf) Ig. ©. BOXpIOLS
. : : P‘\)C OCC‘) P*OC 8 0'4 * Bl SELT (PCAIiu) of NS-AUCs
Sim+PPIl- Sim connections + gene-gene | \* v\"f L<h0:3- BEm SEIT (KGE)  across the
connections using STRING [9]-extracted Validation metric 0.2 \ \ ablation study on
protein-protein interaction networks in  Fig. 5. Boxplots of AUC, NS-AUC and NDCG 0P 0 ©° Qo synthetic data setg
humans scores In JELI depending on the graph prior. Sparsity number In JELI.
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Discussion

JELI| is a novel importance score-based approach for drug repurposing, that
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‘ JELI explicitly includes the feature-wise importance scores
‘ JELI can be readily applied beyond the task of drug repurposing
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