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Abstract

Drug repurposing methods rely heavily on
knowledge graph (KG) embeddings, but build-
ing and curating these graphs takes consid-
erable effort. We present two findings on
the Hetionet drug-disease benchmark and an
epilepsy ranking task. First, PubMedBERT
text embeddings, fed through the same down-
stream classifiers and identical 10-fold splits
as four re-trained KG baselines (TransE, Com-
pIEx, DistMult, RotatE), reach AUROC 0.910,
above all four (best: RotatE, 0.854); a Ran-
dom Forest on the same vectors scores 0.880.
The comparison is asymmetric in one impor-
tant way: PubMedBERT was pretrained on
the literature Hetionet was curated from, so
the result is best read as “text-with-literature-
supervision vs. graph-only,” and a head-to-
head with text-augmented KG methods (KG-
BERT, TxGNN) is left as follow-up. Second,
across all seven combinations of text, molec-
ular (ECFP4), and gene expression (LINCS
L1000) features, cross-attention fusion of
weaker modalities into text consistently de-
grades performance, despite a gated mecha-
nism intended to suppress unhelpful modali-
ties; the residual path forces the strong modal-
ity to absorb noise. The model also ranks pro-
convulsants (amoxapine, flumazenil) near the
top, because text embeddings encode strength
of association with a disease but not its direc-
tion.

1 Introduction

Finding new therapeutic uses for existing drugs re-
mains one of the more tractable problems in phar-
maceutical development, in part because repur-
posed candidates already have established safety
profiles (Pushpakom et al., 2019; Ashburn and
Thor, 2004). The potential payoff is large for
diseases like epilepsy, where roughly a third of
patients are not adequately controlled by current
medications (Loscher et al., 2020).
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The computational side of drug repurposing
has become dominated by knowledge graph (KG)
methods, which represent biomedical knowledge
as a network of drugs, diseases, genes, and path-
ways connected by typed edges (Himmelstein
et al.,, 2017; Nickel et al., 2016). Embedding
methods such as TransE (Bordes et al., 2013),
ComplEx (Trouillon et al., 2016), DistMult (Yang
et al., 2015), and RotatE (Sun et al., 2019) learn
vectors for each node and score candidate drug-
disease pairs. The catch is that all of them
need the complete graph at both training and in-
ference time, and assembling a graph like Het-
ionet (47,000+ nodes, 2.2M edges, 24 relationship
types) is labor-intensive and inevitably reflects its
curators’ choices and blind spots.

We wondered whether the same information
might already be latent in the biomedical liter-
ature. PubMedBERT (Gu et al., 2021), now
rebranded as MSR BiomedBERT, captures rich
biomedical knowledge through distributional pat-
terns in text (Shtar et al., 2022). A drug like
carbamazepine appears in thousands of abstracts
that also mention seizures and sodium channel
blockade; after enough co-occurrences, the model
places it close to these concepts in embedding
space. The result, we hypothesized, functions as
an implicit knowledge graph that updates auto-
matically and does not require manual curation.
Prior work has mined text for relations and co-
occurrences (Wei et al.,, 2019; Andronis et al.,
2011), combined text with structure and expres-
sion in multi-modal architectures (Luo et al., 2024,
2023), and trained graph-foundation models on
larger graphs (Huang et al., 2024); published num-
bers are not directly comparable because each uses
different splits (HRGAT (Yu et al., 2021) reports
AUROC 0.912 on Hetionet under a setup we could
not reproduce). A controlled evaluation of text
embeddings alone, with classifiers and folds held
fixed against KG baselines re-trained from scratch,
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has not, as far as we can tell, been done.

We designed a framework that can train on any
subset of three modalities (text, molecular fin-
gerprints, gene expression) and tested all seven
combinations on the Hetionet benchmark and an
epilepsy drug ranking task. The results were, in
several respects, not what we anticipated:

e Combining text with molecular or gene
expression features through cross-attention
consistently makes performance worse, not
better, despite a gated fusion mechanism that
should, in theory, learn to ignore unhelpful
modalities. We trace this to residual-path
contamination: the strong modality is forced
to absorb noise from the weak ones.

* Text embeddings alone reach AUROC 0.910
on Hetionet, above all four KG baselines we
re-trained on the same data under the same
protocol (the best, RotatE, 0.854). This holds
for both our neural architecture and a Ran-
dom Forest baseline; the predictive signal
lives in PubMedBERT itself, not in any par-
ticular downstream model.

» Top-ranked epilepsy candidates mix gen-
uinely promising compounds (sirolimus) and
known proconvulsants (amoxapine, flumaze-
nil), exposing a basic limitation of any ap-
proach grounded in literature co-occurrence.

2 Methods

2.1 Feature Representations

We query the NCBI E-utilities API for up to 20
PubMed abstracts per entity (drug or disease),
run each through PubMedBERT (Gu et al., 2021)
to obtain the [CLS] token vector (768d), and
take the mean. Because PubMedBERT was pre-
trained on a large fraction of the biomedical litera-
ture, these vectors carry information about a com-
pound’s pharmacology, therapeutic context, and
the biological processes it has been studied in con-
nection with. Compounds with no indexed ab-
stracts (3.4%) receive zero vectors and are retained
in the dataset but have no text signal. Molecular
features are 2048-bit ECFP4 fingerprints (Rogers
and Hahn, 2010) generated with RDKit (RDKit,
2024), capturing chemical substructure. Gene ex-
pression features come from LINCS L1000 (Sub-
ramanian et al., 2017): 978-dimensional vectors
recording how a compound perturbs landmark
gene expression in treated cell lines.
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Figure 1: Model architecture. Per-modality MLP

encoders project text (PubMedBERT [CLS], 768d),
molecular (ECFP4, 2048d), and gene expression
(LINCS, 978d) inputs into a shared embedding space
(128d on Hetionet, 256d on epilepsy); pairwise cross-
attention (4 heads, Eq. (1)) and gated fusion combine
them before a two-layer head. Single-modality runs
skip both blocks (dashed).

2.2 Architecture

Figure 1 gives the overall architecture. Each
modality passes through a two-layer MLP encoder
(hidden 512, LayerNorm (Ba et al., 2016), ReL.U,
dropout) into a shared embedding space (128d
on Hetionet, 256d on epilepsy). In multi-modal
settings, pairwise cross-attention (Vaswani et al.,
2017; Lu et al., 2019) with 4 heads updates each
representation from the others:

A~

By, m; = LN(Byn, + MHA(By,, By, B, )()1)

With three modalities, the two cross-attended ver-
sions per modality are averaged. Gated fusion
(Arevalo et al., 2017) computes per-sample soft-
max weights over f2-normalized vectors, and a
two-layer head (256, 128) outputs ranking scores
or classification logits.

2.3 Datasets and Training

Epilepsy Drug Repurposing. From LINCS
L1000 Phase 2 (Subramanian et al., 2017),
we kept the 1,713 compounds with both gene
expression profiles and ECFP4 fingerprints
(PubMed coverage: 96.6%). Of these, 19 are
established AEDs, including sodium channel
blockers (carbamazepine, phenytoin), GABAer-
gic agents (gabapentin), and multi-mechanism
drugs (topiramate). We split compound-disjoint
(1,027/343/343) with stratified positives. Training
uses £ = 0.7 - LrambdanDes + 0.3 - Lpcg (Burges
et al., 2006) with Adam (Kingma and Ba, 2015) (Ir
5x10~%, batch 128, 100 epochs, early stopping on
validation NDCG@50). We report NDCG@50,
which covers the top ~15% of test compounds.
All experiments use 3 random seeds.
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Hetionet Benchmark. Hetionet (Himmelstein
et al., 2017) has 755 curated drug-disease edges.
We sampled negatives at 1:1 (1,509 pairs total)
and trained with BCEWithLogitsLoss under 10-
fold CV (embedding dim 128, early stopping on
validation AUROC). For the KG baselines we
trained TransE, ComplEx, DistMult, and RotatE
on the full Hetionet graph with PyKEEN (Ali
etal., 2021) (dim 128, margin-ranking loss, Adam,
200 epochs with early stopping), then fed entity
embeddings through the same downstream clas-
sifiers (Random Forest (Breiman, 2001), Logistic
Regression) on the same folds, isolating the rep-
resentation. Gene expression is not added to this
benchmark because LINCS L1000 covers only a
fraction of Hetionet’s 1,538 compound entities;
we restrict Hetionet modality fusion to text and
molecular, and use the epilepsy dataset for the full
seven-way ablation. All runs use 3 seeds; we re-
port mean =+ std.

3 Results and Analysis

3.1 Hetionet Benchmark

Table 1 summarizes the Hetionet results. Every
row is run under the same 10-fold protocol on
the same 1,509 pairs; we exclude published num-
bers from prior papers (e.g. HRGAT 0.912) be-
cause those use different splits. With text features
only, our neural model reaches AUROC 0.910 +
0.017. The KG baselines score lower in AUROC
across the board: RotatE 0.854 +0.019, ComplEx
0.837 £ 0.019, DistMult 0.833 £ 0.017, TransE
0.822 + 0.018. Only the entity-vector source dif-
fers. AUPRC is more nuanced: RF+Text (0.875)
and RotatE (0.849) both exceed the neural model’s
0.727. The neural model leads in AUROC but is
less calibrated at the high-precision end; for a 1:1
balanced task the two metrics mostly agree, but
under harder negative ratios the AUPRC gap be-
tween text and the strongest KG method is nar-
rower than AUROC suggests.

A plain Random Forest on the same PubMed-
BERT vectors scores 0.880 £ 0.015. The embed-
dings, not our neural model, are the main source
of predictive power. To rule out a dimensional-
ity artifact (PubMedBERT 768d vs. KG 128d) we
ran PCA-reduced text embeddings at 128d: AU-
ROC drops to 0.818, below RotatE (0.854). The
full 768d is needed; the higher dimensionality re-
flects PubMedBERT’s richer training signal (bil-
lions of tokens vs. a single graph). Molecular fin-

Method Features AUROC AUPRC
KG embedding baselines (trained on full Hetionet)

TransE KG Embedding  0.822 £0.018  0.809 % 0.030
DistMult KG Embedding  0.833 £0.017  0.818 + 0.030
ComplEx KG Embedding  0.837£0.019  0.828 +0.031
RotatE KG Embedding  0.854 +0.019  0.849 £ 0.022
Our baselines (no graph)

RF Molecular 0.496 +0.047  0.342 £ 0.053
RF Text 0.880+0.015 0.875 £ 0.025
RF Text + Mol 0.883 +0.015 0.708 £ 0.029
Our neural model (cross-attention, no graph)

Ours Molecular 0.581+0.026  0.338 £ 0.046
Ours Text 0.910 £0.017 0.727 £0.057
Ours Text + Mol 0.817+0.030 0.584 £ 0.063

Table 1: Drug-disease link prediction on Hetionet. KG
methods were trained on the full graph using PyKEEN;
all methods evaluated under the same 10-fold CV pro-
tocol on the same 1,509 drug-disease pairs. Gene-
expression rows are omitted: LINCS L1000 covers
only a fraction of Hetionet’s 1,538 compound enti-
ties, so an apples-to-apples row is not available; the
full seven-way modality ablation is run on the LINCS-
aligned epilepsy dataset (Table 2).

gerprints alone are near chance for RF (AUROC
0.496) and only modestly above for the neural
model (0.581): structure-to-indication requires a
chain (drug—target—pathway—disease) that fin-
gerprints do not encode, but PubMedBERT picks
up much of it from co-occurrence patterns in text.

3.2 Cross-modal Contamination

Adding molecular features to text makes things
worse, not better. AUROC drops from 0.910 to
0.817 in the neural model, while Random Forest
barely moves (0.883 vs. 0.880). The residual con-
nection in Eq. (1) blends each modality with the
others regardless of quality, so when one modal-
ity is mostly noise, the stronger one gets contam-
inated; tree-based models simply ignore uninfor-
mative features.

3.3 Epilepsy Case Study

Table 2 gives the full seven-way modality abla-
tion for the epilepsy ranking task. Text alone
hits AUROC 0.980 £ 0.006 and the highest P@ 10
(0.267) and NDCG @50 (0.680) of any neural con-
figuration; the precision and ranking metrics track
the AUROC ordering, which is reassuring given
how few positives there are. Molecular finger-
prints land at AUROC 0.662 and gene expres-
sion at 0.512, both close to what you would get
from random ordering, and both produce P@10
of zero. The bi-modal results are worth a closer
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Config P@10 P@50 NDCG@50 AUROC
Single modality

T 0.267 +£0.094 0.080 4 0.000 0.680 4+ 0.113  0.980 = 0.006
M 0.000 4 0.000 0.040 +0.016 0.169 £ 0.083 0.662 £ 0.109
G 0.000 £ 0.000 0.013+0.019 0.049 +0.070 0.512 £ 0.088
Bi-modal

™ 0.067 +0.047 0.053+0.025 0.282+0.134 0.891 £ 0.061
TG 0.2004+0.141  0.073+0.009 0.595+0.195 0.932 £ 0.040
MG 0.033 £0.047  0.007 = 0.009  0.038 £ 0.053  0.507 £ 0.091
Tri-modal

TMG 0.100 £ 0.141  0.053 +£0.025 0.41440.323 0.779 £ 0.140
Baselines

RF+T 0.400 - 0.895 0.994
RF+M 0.000 - 0.049 0.603

RF +G 0.000 - 0.046 0.518

RF + TMG 0.300 - 0.882 0.989
CMap 0.000 - - 0.437

Table 2: Ablation study on epilepsy drug repurposing
dataset. T = PubMedBERT text, M = ECFP4 molecu-
lar, G = LINCS gene expression. Results are mean +
std over 3 random seeds.

look. Text plus gene expression (TG: 0.932 AU-
ROC, P@10 0.200) holds up better than text plus
molecular (TM: 0.891, P@10 0.067). Gene ex-
pression profiles record cellular-level responses to
a compound, so they carry at least some biologi-
cal signal that fingerprints lack. Despite this, text
alone still outperforms both combinations on ev-
ery ranking metric. The tri-modal configuration
drops to AUROC 0.779 and P@10 0.100, substan-
tially worse than text alone.

Random Forest with text outperforms every-
thing else here (AUROC 0.994, NDCG@50
0.895), ahead of the neural model (0.980 and
0.680). RF on molecular is only weakly predic-
tive (AUROC 0.603) and on gene expression is at
chance (AUROC 0.518; Table 2), confirming the
modality asymmetry holds independent of archi-
tecture. With only 19 AEDs among 1,713 com-
pounds and about 4 in the test fold, RF’s built-in
regularization matters more than cross-attention’s
flexibility. A Connectivity Map baseline (Lamb
et al., 2000) that correlates compound expression
profiles with an epilepsy disease signature came
in below chance (AUROC 0.437). Being “graph-
free” is not by itself sufficient; the particular infor-
mation in PubMedBERT embeddings is doing real
work.

3.4 Biological Plausibility

All 4 AEDs in the test set end up ranked in the top
11 out of 343 compounds (rufinamide at rank 1,
phenytoin at rank 6), consistent across 3 seeds;
the hypergeometric probability of this by chance
is ~ 5.8 x 10~7. Sirolimus (rank 15 in the RF+T

model) inhibits mTOR, and its analog everolimus
was approved for treating seizures associated with
tuberous sclerosis complex (French et al., 2016), a
condition driven by mTOR pathway hyperactiva-
tion. Clomipramine (rank 7 in our neural model)
is a tricyclic antidepressant that potently inhibits
serotonin reuptake. There is clinical evidence that
serotonergic enhancement can reduce seizure fre-
quency (Favale et al., 2003), so this prediction has
some mechanistic grounding.

The false positives tell us more. Amoxapine
at rank 2 lowers seizure thresholds (Pisani et al.,
1999), and flumazenil at rank 4 is a benzodi-
azepine antagonist used to provoke seizures di-
agnostically (Schulze-Bonhage and Elger, 2000).
Why does the model rank them so highly? Be-
cause the seizure literature discusses them exten-
sively, just as it discusses actual anticonvulsants.
PubMedBERT’s embeddings reflect how strongly
a compound is associated with a disease area, but
carry no information about the polarity of that as-
sociation. A drug that treats epilepsy and one that
triggers seizures both end up near epilepsy-related
concepts. This is the central limitation of any re-
purposing approach built purely on literature.

4 Conclusion

PubMedBERT text embeddings, without fine-
tuning, outperform four re-trained KG baselines
on Hetionet under a matched protocol; both neural
and tree-based classifiers agree. Cross-attention
fusion of unequal-quality modalities hurts the
strong one via residual contamination.

Limitations. The comparison is asymmetric:
PubMedBERT was pretrained on the PubMed lit-
erature Hetionet was curated from, so this is best
read as “text-with-literature-supervision vs. graph-
only.” 1:1 negative sampling may flatter AUROC,
and gaps to the strongest KG method may close
under harder ratios; with only 19 epilepsy posi-
tives (~4 per fold), P@k and NDCG carry wide
intervals (the top-11 ranking, however, has p ~
6 x1077).

Future Work. Two natural follow-ups: (i) a
unified-protocol head-to-head against KG-BERT
(Yao et al., 2019), TxGNN (Huang et al., 2024),
and HRGAT; (ii) re-training KG baselines on a
literature-augmented Hetionet.
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