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Abstract

Drug–drug interactions (DDIs) remain a ma-
jor source of preventable harm, and many clini-
cally important mechanisms are still unknown.
Existing models either rely on pharmacologic
knowledge graphs (KGs), which fail on un-
seen drugs, or on electronic health records
(EHRs), which are noisy, temporal, and site-
dependent. We introduce, to our knowledge,
the first system that conditions KG relation
scoring on patient-level EHR context and dis-
tills that reasoning into an EHR-only model
for zero-shot inference. A fusion “Teacher”
learns mechanism-specific relations for drug
pairs represented in both sources, while a dis-
tilled “Student” generalizes to new or rarely
used drugs without KG access at inference.
Both operate under a shared ontology (set) of
pharmacologic mechanisms (drug relations) to
produce interpretable, auditable alerts rather
than opaque risk scores. Trained on a multi-
institution EHR corpus paired with a curated
DrugBank DDI graph, and evaluated using a
a clinically aligned, decision-focused protocol
with leakage-safe negatives that avoid artifi-
cially easy pairs, the system maintains precision
across multi-institutuion test data, produces
mechanism-specific, clinically consistent predic-
tions, reduces false alerts (higher precision) at
comparable overall detection performance (F1),
and misses fewer true interactions compared
to prior methods. Case studies further show
zero-shot identification of clinically recognized
CYP-mediated and pharmacodynamic mecha-
nisms for drugs absent from the KG, supporting
real-world use in clinical decision support and
pharmacovigilance.

Keywords: Drug–drug interactions, Knowl-
edge graphs, EHRs, Multimodal fusion, Zero-
shot generalization, Knowledge distillation,
Clinically aligned evaluation

Data and Code Availability We use a Drug-
Bank knowledge graph with R=86 relation types over
1,710 drugs. Per-drug EHR embeddings are com-
puted from ∼200M de-identified TriNetX (learn more
about TriNetX at trinetx.com) events via PyHealth.
TriNetX provides harmonized, multi-institution EHR
data (standard code sets such as ICD-10, RxNorm,
LOINC; routinely refreshed) across 220+ healthcare
organizations in 30 countries. Experiments restrict
to drugs in both sources. For a candidate pair
(h, t), we form pairwise EHR features x=xEHR(h, t)
shared by all EHR baselines and the student (Yang
et al., 2023; Wishart et al., 2018; Palchuk et al.,
2023; Wang et al., 2024b). The code is available at
https://tinyurl.com/mu3tuc6w. Additional informa-
tion about TriNetX is in Appendix A.

Institutional Review Board (IRB) Our de-
identified data does not require Institutional Review
Board approval.

1. Introduction
Drug-drug interactions (DDIs) can cause serious

adverse reactions and pose a significant challenge to
healthcare. In recent years, many unknown DDIs
are emerging and predicting potentially new drug in-
teractions has attracted increasing attention (Wang
et al., 2024a,b). At the bedside, pharmacists need
precision-first, mechanism-specific alerts (e.g., “CYP
inhibition”) that reflect the current patient context
(Shang et al., 2019; Yang et al., 2021) and remain
effective for new or rarely used drugs lacking prior
evidence (Huang et al., 2024; Wang et al., 2023).

Previous computational approaches often rely on
existing DDI knowledge graphs (KGs) and transform
DDI prediction into a link-prediction problem (Zit-
nik et al., 2018). KG link prediction interpolates
among seen drugs; however, such models struggle in
zero-shot settings when a target drug lacks KG edges
(Huang et al., 2024; Wang et al., 2023). Text-only
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zero-shot methods infer interactions from curated
drug descriptions (e.g., TextDDI) but depend on the
availability and quality of those texts (performance
can degrade when descriptions are missing or noisy)
limiting robustness in practice (Zhu et al., 2023). Re-
searchers have used electronic health record (EHR)
data, a rich source for recording drug side effects,
to screen DDIs; however, signals mined from EHRs
are noisy, temporal, and cohort-dependent, and of-
ten transfer poorly across sites and timeframes (Choi
et al., 2016; Wu et al., 2021). More fundamentally, a
static–dynamic mismatch separates population-level,
timeless KG relations from patient-specific, time-
varying EHR signals; reasoning from either source in
isolation rarely aligns with pharmacist review (Bal-
trušaitis et al., 2019; Arevalo et al., 2017). The result
is a practical gap: systems either ignore patient con-
text (good interpolation, poor extrapolation) or over-
fit cohort noise (weak mechanism specificity), produc-
ing alerts that are imprecise or inapplicable bedside.

We introduce, to our knowledge, the first DDI
framework that injects EHR context into knowledge-
graph relation scoring and, within the same system,
distills KG structure into an EHR-only model for
zero-shot use, supporting interpolation on seen drugs
and zero-shot extrapolation on unseen drugs in one
system. For drugs in the graph, a fusion model com-
bines KG and EHR features, modulating mechanism
scores (Arevalo et al., 2017; Perez et al., 2018; Sri-
vastava et al., 2015); for new or rarely used drugs,
a distilled EHR-only path reproduces the teacher’s
mechanism behavior without KG (Hinton et al., 2015;
Lopez-Paz et al., 2015), where EHR drug embeddings
are derived from patient-level RETAIN and aggre-
gated per drug before pairwise feature construction
(Appendix B & C) (Choi et al., 2016). Our system
can be applied to tasks such as order verification, ad-
mission and discharge reconciliation, and formulary
screening. It is designed as a single clinician-facing in-
terface that provides clear, mechanism-specific alerts
pharmacists can verify, helping to reduce unnecessary
warnings and avoid generic risk scores.

2. Methods
2.1. Clinical objective and framework

In this work, our goal is to predict unsafe DDIs for
unseen or newly ordered drugs that are absent from
KGs but present in EHRs. The primary outcome
is exact mechanism matching to DrugBank’s 86-way
ontology to ensure DDI alerts are actionable. We also

evaluate high-precision detection (alert vs. no alert)
and report recall-derived metrics like F1.

KG-only methods interpolate among seen drugs
but falter without edges, while EHR-only methods
capture bedside context but are noisy and cohort-
dependent. We propose a KG–EHR teacher–student
framework: a Fusion Module mixes KG and aggre-
gated per-drug EHR embeddings derived from RE-
TAIN (Choi et al., 2016) (Appendix C) on overlapped
drugs, and a distilled EHR-only student, an MLP on
the same pairwise EHR features, handles drugs with-
out KG access while preserving mechanism behavior.
Thus the EHR-based student operates on drugs ab-
sent from KGs while benefiting from KG knowledge
via distillation. We evaluate under two regimes (see
Experimental Splits): edge hold-out, where the drug
set is fixed and a fraction of edges from KGs is with-
held for test while KG embeddings for all drugs re-
main available; and node hold-out, where a disjoint
set of drugs and their incident edges are withheld dur-
ing training so any test pair involving a held-out drug
is evaluated zero-shot to the KG (no usable KG em-
bedding, but may have an EHR embedding). A high-
precision detection gate governs whether to alert; on
alerts, the system returns mechanism-level flags for
pharmacist review.

2.2. Fusion teacher (embedding-level & clini-
cally motivated)

KG and EHR entity representations are fused by
a dimension-wise gate before the KG scoring model.
Let eh, et ∈ Rd be KG entity embeddings and vh, vt ∈
Rd the per-drug EHR embeddings. For i ∈ {h, t},

êi = Pkei, v̂i = Pevi, gi = σ
(
W2 ρ(W1[êi ∥ v̂i])

)
,
(1)

ẽi = gi ⊙ êi + (1− gi)⊙ v̂i. (2)

The KG scoring model then scores each relation r
from the fused entities,

sr(h, t) = ϕ(ẽh, er, ẽt), r = 1, . . . , R (R=86) (3)

where er is the (unchanged) relation embedding
and ϕ is the AutoSF or R-GNN scoring model. We
train with single-label cross-entropy over the R logits
s = {sr}Rr=1.

2.3. Knowledge-distilled student (zero-shot)

The student only uses EHR feature embeddings
and predicts over the same R relations. The KG head
exists only in the teacher. We use two heads in code:
a DistMult-style head when entity embeddings are
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Figure 1: Training pipeline for the distillation model

available, and an EHR head for pure EHR features:

zs = W2 ρ(W1x+ b1) + b2 ∈ RR. (4)

Distillation uses teacher logits zt converted to soft
targets via a teacher-only temperature; in all experi-
ments τ=1 so q = σ(zt). Training minimizes a mix-
ture of KD and supervised losses using BCE-with-
logits on the student logits with no temperature:

LKD =
1

R

R∑
r=1

[
− qr log σ([zs]r)− (1− qr) log

(
1− σ([zs]r)

)]
,

Lsup =
1

R

R∑
r=1

[
− yr log σ([zs]r)− (1− yr) log

(
1− σ([zs]r)

)]
,

L = αLKD + (1− α)Lsup, α=0.5, τ=1.

(5)
If a sample lacks a hard label, the loss reduces to

αLKD (Hinton et al., 2015; Lopez-Paz et al., 2015). A
detailed rationale for using distillation in this setting
is provided in Appendix D. Further implementation
details (optimizer, batch size, training epochs) are
provided in Appendix G.

3. Experiments
3.1. Experimental splits

Transductive (edge hold-out) We hold out 10%
edges for test and use 80% for training and then eval-
uate exact-match relation ID on the held-out edges.
This setting acts as a secondary check of the fusion
Teacher’s effectiveness.

Zero-shot (node hold-out) To assess generaliza-
tion to unseen drugs, we use a node-level split: 80%
of drug nodes for training and 10% for test; test drugs
and all incident edges are removed so they are unseen
at train time. Before distilling the student, we veri-
fied no leakage by remapping indices to the overlap

space, building teacher-train and KD-on-train edge
arrays, deduplicating and range-checking, and assert-
ing that both endpoints of every KD edge lie in the
training-node set; both checks returned OK.

We minimize per-mechanism BCE to match the
teacher’s unnormalized confidences across 86 mecha-
nisms; we found KL on softmaxed logits suppressed
rare-mechanism recall.

3.2. Detection, metrics, & Baselines

Two-head inference We use detection→ classifica-
tion for both regimes: a binary detector decides alert
vs no-alert; on alerts, the student predicts the mech-
anism class.
Negatives Detection uses leakage-safe random neg-
atives (k=2 per positive on train, k=10 per positive
on test), excluding any pair positive in any split.
For detection we fix per-fold negative pools (k=10),
use a single set of shared hyperparameters, and en-
force leakage-safe sampling (no negatives touching
test drugs).
Reported metrics We report exact-mechanism pre-
cision (95% Wilson CIs) and F1 (same splits/negs).
Baselines We compare to KG-only (AutoSF), EHR-
only, SMILES-only, and a late-fusion variant. Main
metrics are precision and F1 on seen/unseen splits
(Table 1).
AutoSF or R-GNN (KG only) We used the AutoSF
(Zhang et al., 2019) or R-GNN (Schlichtkrull et al.,
2018) for KG embedding and link prediction as our
ablation model and baseline.
EHR MLP This is the model using MLP on concate-
nated per-drug EHR vectors for (h, t) without distil-
lation. We use the same splits as (Yang et al., 2023).
SMILES MLP Using chemical structures has also
been a common method for predicting drug-drug in-
teractions and it is also generalizable to unseen drugs,
so we take SMILES as input and use ChemBERTa
to obtain per-drug embeddings for DDI prediction.
(Chithrananda et al., 2020).

4. Results
Overview We report exact–mechanism precision
with 95% Wilson CIs and binary F1 with constant
splits and negatives. Results are presented for two
evaluation regimes: edge hold-out (seen drugs, un-
seen edges) and node hold-out (unseen drugs). Ad-
ditional formulas for calculations in this section are
provided in Appendix H.
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Table 1: Edge hold-out (seen drugs, unseen edges):
precision with 95% CIs.

Pipeline + Precision Margin of Error F1

Fusion Module 0.9008 0.0053 0.3198
AutoSF KG 0.8133 0.0069 0.1682
EHR MLP 0.5712 0.0087 0.1718
SMILES MLP 0.4541 0.0088 0.1667

Edge hold-out (seen drugs) The two-head Fu-
sion (detector→mechanism) attains 0.9008 preci-
sion (95% CI 0.895–0.906), an 11% point gain
over AutoSF KG at 0.8133 (95% CI 0.806–0.820)
and far above unimodal EHR (0.5712) and SMILES
(0.4541). F1 rises to 0.3198, nearly doubling Au-
toSF (0.1682) and EHR (0.1718). A detection head
gates edges before the mechanism classifier fires, Fu-
sion filters away the bulk of false positives that in-
flate graph-only and unimodal baselines. The non-
overlapping CIs establish a clear, statistically robust
advantage for seen drugs.

Node hold-out We highlight three contrasts that
matter in practice. Precision: the Fusion Stu-
dent reaches 0.713 ± 0.035 versus SMILES-only
0.426±0.019

(
+0.287

)
and EHR-only 0.587±0.024(

+0.126
)
, cutting the false-alert fraction at the same

alert volume by roughly half vs. SMILES
(
1 − 0.713

vs. 1 − 0.426
)
and by ∼ 30% vs. EHR; the ± bands

do not overlap. F1: the Student attains 0.355
vs. EHR-only 0.280

(
+0.075

)
and SMILES-only

0.293
(
+0.062

)
, so higher precision at the shared

threshold is accompanied by stronger detection qual-
ity. Stability/cold-start: the KG-only R-GCN
drops to 0.177 ± 0.011 precision with highly vari-
able F1 (0.153 ± 0.094) under k = 10 node hold-
out. Threshold-free corroboration: ROC-AUC is
0.622± 0.001 (EHR-only 0.511 ± 0.001, SMILES-
only 0.541 ± 0.009) and AP (stepwise) is 0.217 ±
0.001 (EHR-only 0.170 ± 0.000, SMILES-only
0.179 ± 0.003), both well above the prevalence base-
line ∼ 0.051, meaning earlier retrieval of true inter-
actions at a fixed review budget.

Case Studies Mechanism-level case studies for Da-
pagliflozin and Tamoxifen evaluate pairs whose part-
ner drugs were absent from DrugBank KG at train
time. EHR-only Distilled Student flagged these inter-
actions and assigned mechanisms consistent with clin-
ical evidence (e.g., CYP2D6-mediated reduction of
endoxifen; pharmacodynamic volume-depletion with
diuretics), providing external signal beyond Drug-
Bank and complementing the aggregate metrics.

Table 3: External signal beyond DrugBank:
mechanism-level case studies.

Despite EHRs specialized in kidney disease, the dis-
tilled Student still identifies non-renal pharmacoki-
netic pairs (tamoxifen), suggesting the learned pat-
tern transfers beyond the training domain.

Cross-setting ablations Experiments and base-
lines act as an ablation of information sources. KG
topology interpolates effectively among seen drugs
(KG on edge hold-out) but fails to extrapolate to
unseen nodes (node hold-out collapse). EHR fea-
tures generalize to unseen drugs but are weaker than
Fusion on seen drugs. Fusion integrates both, cut-
ting false alerts while raising mechanism precision in
the known-drug setting, and the KD-trained Student
transfers this calibration into an EHR-only model
that boosts zero-shot precision and F1 without KG
access at inference. Together, these findings demon-
strate that only structured integration yields consis-
tently reliable performance across both regimes.

Robustness All key gains are supported by 95%
and bootstrap Wilson CIs with no interval overlap
(Fusion vs KG; Student vs EHR). Across 3 random
seeds for the zero-shot “unseen” setting (and 1 for
the transductive “seen” setting), improvements hold
across both mechanism precision and detection F1,
underscoring that the observed effects reflect true
signal rather than sampling noise. Margins of Er-
ror: For precision, 95% margins of error from Ta-
ble 2 are: Fusion 0.0345, EHR-only MLP 0.0238,
SMILES-only MLP 0.0192, Raw R-GCN (KG-only)
0.0111. Detection protocol: For F1, we fix per-
fold negative pools (k=10), use a shared thresh-
old, and enforce leakage-safe sampling (no negatives
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Table 2: est k=10 negatives per positive; same splits/negatives across models.
Model ROC-AUC AP (stepwise) AP (baseline) F1 (detection) Precision
Distillation (teacher: Fusion head;
student distilled from R-GNN)

0.6223± 0.0009 0.2172± 0.0011 0.0506 0.3545± 0.0014 0.7126± 0.0345

EHR-only MLP 0.5114± 0.0008 0.1697± 0.0003 0.0506 0.2798± 0.0006 0.5869± 0.0238
SMILES-only MLP 0.5408± 0.0094 0.1794± 0.0028 0.0506 0.2934± 0.0042 0.4255± 0.0192
Raw R-GCN (KG-only) 0.5176± 0.0240 0.1724± 0.0078 0.0506 0.1526± 0.0936 0.1772± 0.0111

that touch test drugs). Summary by regime: At
θ∗, F1 is: Fusion 0.3545 ± 0.0014, EHR-only MLP
0.2798± 0.0006, SMILES-only MLP 0.2934± 0.0042,
Raw R-GCN (KG-only) 0.1526±0.0936; the ordering
Fusion > SMILES > EHR > Raw R-GCN holds in
both regimes (edge hold-out, node hold-out).

Seeds Experiments use S=3 seeds for the unseen
and S=1 for seen; precision and F1 are Wilson in-
tervals and bootstrap CIs from pooled predictions.

5. Discussion and Outlook
Clinical & algorithmic takeaways Fusion A
näıve EHR+SMILES concatenation (Appendix F)
baseline underperformed unimodal models, under-
scoring that simple feature-level merging cannot rec-
oncile misaligned statistical structure and pharmaco-
logical semantics (Appendix F). Thus, we take the
strong graph model for known drugs and add patient
checks: EHR signals (e.g., co-medications, labs, QTc)
amplify mechanisms they support and dampen those
they contradict. This preserves relational structure
while filtering patient-implausible links, resulting in
higher precision, narrower 95% confidence intervals,
and lower false-positive rate.
EHR-only Student For new or rarely used drugs,
the graph offers no help. We train an EHR-only
model to mimic the teacher (distillation, τ=1), learn-
ing its mechanism pattern and applying it with rou-
tine EHR features—no KG at runtime. The Student
generalizes to unseen drugs with higher precision and
better F1 than a plain EHR model: decisions are
mechanism-aligned, and stable even when DrugBank
KG embeddings are missing or stale.

Future bedside implications & applications
The system emits mechanism-specific, patient-
conditioned flags at workload-aligned precision; Fu-
sion covers seen formulary drugs and the Student pro-
vides zero-shot coverage for new or rare drugs (de-
ployment details and service metrics in Appendix I).

6. Conclusion
We target precise, auditable DDI flags for pharma-

cist review. Prior work has largely treated KGs and

EHRs in isolation; here we couple KG relation scor-
ing with patient context and distill the structure into
an EHR-only model for zero-shot use, producing the
same 86-mechanism ontology. Trained and evaluated
on a large EHR corpus paired with a curated DDI
KG under leakage-safe edge and node hold-outs with
k = 2 negatives for training and k = 10 negatives
for testing, the system is clinically impactful, statis-
tically sound, and deployable.

Precision and F1 improve while false positives de-
crease relative to AutoSF, EHR-MLP, and SMILES-
MLP. Fusion raises precision and reduces bedside
false alerts for seen drugs, while the student surpasses
EHR-only and SMILES on unseen drugs without KG
access at inference. Outputs are mechanism-aware,
with robust estimates (non-overlapping CIs, tight
margins, stable F1), yielding more precise alerts and
lower clinical burden through patient-conditioned in-
terpolation and distilled extrapolation.

Future work focuses on a silent-mode hospital de-
ployment to assess precision and actionability on un-
seen drugs. Looking ahead, we aim to calibrate
uncertainty and add abstention mechanisms to im-
prove reliability, refresh KG structure and enable
lightweight model editing over time, and conduct ex-
ternal and temporal validation. We will also continue
to modernize the models used, scaling our pipeline
with SAIL and GrAIL, and optimize hyperparame-
ters like distillation temperature (τ) through more
ablation studies. These extensions will enhance gen-
eralizability and strengthen readiness for real-world
deployment. To align the system with bedside use,
we will operate at a clinically chosen threshold (tar-
geting TPR ≥ 0.90 and maximizing precision on
a validation cohort) while routing lower-confidence
candidates to non-interruptive queues; surface in-
terpretable evidence—the predicted mechanism and
dimension-wise fusion gate weights (EHR vs. KG)
with links to sources; support adoption via versioned
models and a CPOE feedback loop (“useful” / “not
useful” / “missed”); and harden safety rails with ab-
stain/OOD flags for unfamiliar drugs and a “silent-
mode” logging phase before any interruptive alerts.
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Appendix A. Information about
TriNetX (Palchuk et al.,
2023)

What it is. TriNetX is a federated network of de-
identified electronic health records (EHRs) used for
cohort discovery and real-world evidence studies, de-
scribed in JAMIA Open as a global commercial net-
work linking healthcare organizations (HCOs) with
industry and academia.

Scale (as of 2025). TriNetX reports 300M+ pa-
tients across 200+ HCOs and 8,800+ sites world-
wide (press release, Sept. 29, 2025). An earlier up-
date (Jan. 2025) cited 283M patients, and the peer-
reviewed history documents growth from 55 HCOs
/ 7 countries (2017) to 220+ HCOs / 30 countries
(2022)—counts vary as sites onboard.

Data domains & standards. Contributed EHRs
are harmonized to common terminologies (e.g.,
ICD-10-CM, ICD-10-PCS/HCPCS/CPT, RxNorm,
LOINC), with cross-region mappings described in
TriNetX terminology materials.

Privacy & governance. Data shared to researchers
are de-identified under HIPAA Expert Determina-
tion. Protections include a minimum cell size of 10
for aggregates and obfuscations for person-level ex-
tracts (e.g., month–year for death, restricted geogra-
phy), per an external assessment by Bradley Malin,
PhD Malin (2020).

U.S. footprint & refresh. Public materials note
˜117M U.S. patients, with datasets refreshed about
every 2–4 weeks (offerings vary by product/network).

How we used it. We queried the de-identified Re-
search Network to construct cohorts and features us-
ing standard codes; no identified data left TriNetX.
Many institutions treat such analyses as IRB-exempt,
but local policy governs.

Appendix B. EHR Feature Groups De-
rived from TriNetX

We derive per-drug vectors from
PyHealth RETAIN (exported
model.embeddings["drugs"].weight) and aug-
ment them with structured EHR features computed
pairwise for candidate drug pairs (h, t). Table 4
lists the source tables and the pairwise features we
construct. These features are concatenated to form
xEHR(h, t) for the EHR-only baseline and as inputs
to the fusion gate.

We list the EHR sources used to derive per-drug
EHR embeddings/features. This table is for trans-
parency only; no pairwise feature definitions here.

Table 4: EHR feature groups and source tables
(codes).

Group Source tables (codes)

Demographics patient.csv

Encounters encounter.csv

Diagnoses diagnosis.csv (ICD-10)
Meds (or-
ders/dispense)

medication drug.csv

(RxNorm/NDC)
Meds (ingredi-
ents)

medication ingredient.csv

Procedures procedure.csv (CPT)
Labs lab result.csv (LOINC)
Vitals vital signs.csv

Appendix C. Deriving EHR Drug Em-
beddings from PyHealth

RETAIN
We train RETAIN with PyHealth using
feature keys=["drugs","procedures"] and a
multi-label objective. During training, RETAIN
learns a global token embedding table for the
"drugs" stream:

W ∈ RV×D, D = 64 (our setting).

After training, we export this layer exactly as in code:

emb layer := model.embeddings["drugs"]

W := emb layer.weight.

Let id(i) be the PyHealth vocabulary index for
drug i (built from the training split). The EHR em-
bedding we use for drug i is the corresponding row of
W :

vi = Wid(i) ∈ RD.

Downstream pairwise EHR features for a candidate
pair (h, t) are constructed from these exported vec-
tors:

xEHR(h, t) =
[
vh ∥ vt

]
,

or optionally

xEHR(h, t) =
[
vh ∥ vt ∥ |vh − vt| ∥ vh ⊙ vt

]
,

after ℓ2 normalization of vi. These xEHR features
are used both in the EHR-only MLP baseline and as
inputs to the fusion gate.
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Appendix D. Rationale for Fusion &
Distillation

Rationale for ChemBERTa Why ChemBERTa
(zinc-base-v1). It is a stable, off-the-shelf SMILES
encoder with good coverage and straightforward in-
tegration for our ablations.
Fusion objective: Why this gate The gate is
parameter-efficient, easy to optimize under multi-
relation supervision, and interpretable: it turns up
KG or EHR signal dimension-by-dimension in ways
clinicians can inspect (mechanism evidence ↑, contra-
dictory evidence ↓), while preserving KG relational
geometry. Empirically, naive concatenation + MLP
underperforms both unimodal models, motivating an
explicit gate rather than “just stacking features.”
Mathematical form already in the paper.

êi = Pkei (6)

v̂i = Pevi (7)

gi = σ
(
W2 ρ

(
W1[êi; v̂i]

))
(8)

sr(h, t) = ϕ
(
ẽh, er, ẽt

)
, r = 1, . . . , 86 (9)

Backbone robustness (not tied to a single
scorer). Under train/test node splits of 80% and
10%, a PyG R -GCN backbone (KG-only) yields
higher precision than AutoSF, while preserving the
ordering Fusion > KG-only and the Student’s zero-
shot advantages:

R-GCN per-seed precision: 0.7352, 0.7297, 0.6729

→ mean 0.7126± 0.0345

AutoSF: 0.6983, 0.6707, 0.6443 → mean 0.6711±0.0270.

Multi-seed results for baselines will be in the camera-
ready version. Distillation objective Drug-
Bank mechanisms are predominantly single-label, but
teacher confidences over R=86 are not a normalized
distribution and can place mass on multiple plausi-
ble mechanisms. BCE treats mechanisms indepen-
dently and avoids the probability-mass competition
imposed by KL(softmaxτ (zt) ∥ softmax(zs)), which
we observed to suppress rare-mechanism recall. BCE
was also more numerically stable with many nega-
tives.

Appendix E. Method Positioning vs.
Baselines

Table 5: Model capabilities and inputs. Our Fu-
sion teacher combines KG + EHR with a
gating module; the Student is an EHR-only
model distilled from the teacher. All mod-
els use the same 86-mechanism labels and
splits/negatives.

Method Uses KG Uses EHR Uses SMILES

Ours: Fusion (teacher) ✓ ✓ ×
Ours: Student (distilled) × ✓ ×
KG-only: AutoSF ✓ × ×
KG-only: R-GCN ✓ × ×
EHR-only: MLP (RETAIN W ) × ✓ ×
SMILES-only: MLP × × ✓

Method Fusion gate KD (teacher→student) 86 mech. Zero-shot drugs

Ours: Fusion (teacher) ✓ × ✓ ✓
Ours: Student (distilled) × ✓ ✓ ✓
KG-only: AutoSF × × ✓ ×
KG-only: R-GCN × × ✓ ×
EHR-only: MLP (RETAIN W ) × × ✓ ✓
SMILES-only: MLP × × ✓ ×

Notes. “Uses EHR” denotes structured/EHR-
derived per-drug vectors (exported from PyHealth

RETAIN token embedding table W ) and pairwise
features; “Zero-shot drugs” indicates the model can
score pairs where both drugs are unseen in the KG
(enabled via EHR inputs for our teacher/student).

Appendix F. Additional Baseline:
EHR+SMILES

Motivation. We additionally tested a näıve con-
catenation baseline combining per-drug EHR em-
beddings with ChemBERTa-derived SMILES embed-
dings, followed by an MLP classifier. This baseline
was included to assess whether molecular structure
embeddings could enhance patient-derived features
without KG support.

Results. The EHR+SMILES baseline underper-
formed both unimodal models. In edge hold-out
(seen drugs, unseen edges), it achieved a precision of
0.2818, below both EHR and SMILES-only. In node
hold-out (unseen drugs), it yielded 0.3027 with F1=0,
indicating that the model admitted no alerts. These
results highlight the difficulty of integrating hetero-
geneous embeddings whose statistical structure and
pharmacological semantics are misaligned, reinforc-
ing that simple feature-level merging does not sub-
stitute for KG-grounded relational alignment. Statis-
tics, appended to existing data, are shown in Tables 6
and 7.
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Table 6: Edge hold-out (seen drugs, unseen edges):
precision with 95% CIs.

Pipeline + Precision Margin of Error F1

Fusion Module 0.9008 0.0053 0.3198
AutoSF KG 0.8133 0.0069 0.1682
EHR MLP 0.5712 0.0087 0.1718
SMILES MLP 0.4541 0.0088 0.1667
EHR+SMILES MLP 0.2818 0.0056 —

Appendix G. Implementation & Train-
ing

G.1. KG-only Hyperparameters

python train.py --task_dir=KG_Data/DrugBank \

--optim=Adam --lamb=0.000282 --lr=0.3775 \

--n_dim=64 --n_epoch=250 --n_batch=2048 \

--epoch_per_test=250 --test_batch_size=50 \

--thres=0.0 --parrel=1 --decay_rate=0.99456

G.2. Fusion Module Optimization (R-GNN)

• Learning rate: 0.001

• Training epochs: 10

G.3. EHR MLP (scikit-learn)

from sklearn.neural_network \

import MLPClassifier

clf = MLPClassifier(

alpha=0.05,

hidden_layer_sizes=(32, 16, 8, 4, 2),

max_iter=30,

random_state=1

)

Hyperparameters

1. alpha: learning rate

2. hidden layer sizes: self-explanatory

3. max iter: number of epochs

4. random state: random seed (changed for multi-
seed experiments)

G.4. SMILES MLP (scikit-learn)

from sklearn.neural_network \

import MLPClassifier

clf = MLPClassifier(

alpha=0.10,

hidden_layer_sizes=(32, 16, 8, 4, 2),

max_iter=15,

random_state=1

)

G.5. EHR+SMILES MLP (scikit-learn)

from sklearn.neural_network \

import MLPClassifier

clf = MLPClassifier(

alpha=0.05,

hidden_layer_sizes=(32, 16, 8, 4, 2),

max_iter=50,

random_state=1

)

G.6. SMILES Encoder (HuggingFace Trans-
formers)

from transformers \

import AutoTokenizer, AutoModel

MODEL = "seyonec/ChemBERTa-zinc-base-v1"

tok = AutoTokenizer.from_pretrained(MODEL)

enc = AutoModel.from_pretrained(MODEL)

G.7. KD Student Configuration

KD_ALPHA = 0.5 #

TAU = 1 # temperature

LR = 0.1

WD = 1e-4

BATCH_SIZE = 1024

EPOCHS = 30

n_rel = 86

n_dim = 64

DEVICE = torch.device("cuda" \

if torch.cuda.is_available() else "cpu")

Reproducibility note. All hyperparameters and
commands above reflect the exact values used in the
experiments reported in the main text.

G.8. Training Time

1. AutoSF (KG-only): 250 epochs on NVIDIA T4,
5 minutes total.

2. Relational GNN (R-GCN): 30 epochs on Colab
High-RAM CPU, 3 minutes total.

3. Both runs use 112,008 KG triples
(head–relation–tail) as training rows. Im-
plementation commands/hyperparameters are
already listed in Appendix G.

Appendix H. Results: Additional De-
tails

Metrics and confidence intervals.
We report (i) exact-mechanism precision
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Table 7: k=10 test on the same splits/negatives for all models—ROC-AUC, AP (stepwise), AP
(baseline), F1, and precision.

Model ROC-AUC AP (stepwise) AP (baseline) F1 (detection) Precision
Distillation (teacher: Fusion head;
student distilled from R-GNN)

0.6223± 0.0009 0.2172± 0.0011 0.0506 0.3545± 0.0014 0.7126± 0.0345

EHR-only MLP 0.5114± 0.0008 0.1697± 0.0003 0.0506 0.2798± 0.0006 0.5869± 0.0238
SMILES-only MLP 0.5408± 0.0094 0.1794± 0.0028 0.0506 0.2934± 0.0042 0.4255± 0.0192
EHR+SMILES MLP — — — 0.0000 0.3027±0.0116
Raw R-GCN (KG-only) 0.5176± 0.0240 0.1724± 0.0078 0.0506 0.1526± 0.0936 0.1772± 0.0111

Prec = 1
N

∑N
i=1 1{argmaxr∈{1,...,R} p̂i(r) = yi}

Precbin = TP
TP+FP , Rec = TP

TP+FN , F1 = 2Precbin·Rec
Precbin+Rec

Wilson 95% CI for a proportion p̂ over n samples:

CIlow,high =
p̂+ z2

2n ∓ z
√

p̂(1−p̂)
n + z2

4n2

1 + z2

n

, z = 1.96.

For the edge-vs-none task we construct a test set
with a ratio k negatives per positive (k=2 in the main
results). A sampled pair (h, t) is excluded if it is pos-
itive in any split or direction; self-loops and inverse
duplicates are removed to avoid leakage. All models
are evaluated on the same sets.

Relative false-positive reduction. At fixed true
positives across methods, FP = TP

(
1
p − 1

)
for pre-

cision p. The relative FP reduction of Fusion over a
baseline is

1−
1

pfusion
− 1

1
pbase

− 1
.

Seeds and uncertainty. Experiments were run
with S=3 random seeds in the zero-shot “unseen”
setting and S=1 in the transductive “seen” setting.
For single-seed results, we report Wilson 95% CIs for
precision from pooled predictions, and F1 is reported
as a point estimate. For multi-seed results, we incor-
porate both Wilson CIs and bootstrap CIs for each
metric.

Tables referenced in the body. Table 1
(Seen/edge hold-out): Fusion vs AutoSF, preci-
sion with 95% CIs.
Table 2 (Unseen/node hold-out): Student vs
EHR-MLP, SMILES-MLP, AutoSF; precision with
95% CIs and F1 (± across seeds).

Appendix I. Deployment details
For pharmacist order verification, alerts must be

actionable and rare: the system will emit a top
mechanism with a short, patient-conditioned ratio-
nale (e.g., co-medications, labs) and an audit trail;

validation-fixed thresholds keep operating character-
istics stable for governance (Shang et al., 2019; Yang
et al., 2021; Choi et al., 2016). Use cases include
formulary screening, coverage for investigational or
rare drugs (Student), antimicrobial stewardship and
oncology checks (Fusion), and admission/discharge
reconciliation when KG embeddings may be stale
(Huang et al., 2024; Wang et al., 2023; Zitnik et al.,
2018). Integration is EHR-native (Student uses tab-
ular features only) and supports service metrics such
as false alerts/100 orders, time-to-clear, mitigation
acceptance, plus model metrics for QA and safety re-
view (Pedregosa et al., 2011; Yang et al., 2023).
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