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Abstract

Generative and agentic systems for ther-
apeutic design need inexpensive biologi-
cal feedback before prioritizing compounds
for synthesis or wet-lab testing.  Drug-
induced liver injury (DILI) is a high-impact
case: structure-only predictors capture chem-
ical liabilities but miss cellular response,
whereas measured transcriptomic assays pro-
vide mechanism but are too costly for early-
stage screening. We present Hepa-RAFT, a
Hepatocyte Retrieval-Augmented Framework
for Toxicogenomics that acts as a virtual
hepatocyte-response assay: it maps a query
SMILES to predicted drug-induced hepato-
cyte expression and uses that predicted bi-
ological state for downstream retrieval. The
framework has two task-adaptive heads shar-
ing one FiLM-conditioned expression pre-
dictor: an expression head corrects pre-
dicted profiles by retrieving training drugs
with similar predicted perturbation, and a
DILI head performs similarity-weighted vot-
ing over a small labeled reference set using
chemical, predicted-transcriptomic, pharma-
cokinetic, and drug-target channels. This
yields a biological design principle: retrieval
should be matched to the phenotype being
queried, with perturbation correction favor-
ing a focused predicted-response geometry
and DILI liability favoring broader evidence
aggregation. Across held-out scaffold splits,
the end-to-end retrieval-augmented Hepa-
RAFT pipeline reaches Pearson correlation
0.631 on the top 20 perturbation-responsive
genes; on external DILImap and DILIst
benchmarks, Hepa-RAFT reaches AUROC
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0.713 and 0.637 without retraining. Be-
cause query-drug expression and labels are
never accessed, Hepa-RAFT is best inter-
preted as a lightweight, biologically grounded
virtual assay for hepatocyte-intrinsic DILI lia-
bility, with training-overlap-controlled exter-
nal comparisons and overlap audits reported
for available competitor training sets.

1. Introduction

Drug-induced liver injury (DILI) accounts for more
than half of acute liver failure cases in the
United States—primarily acetaminophen overdose
(~39%) together with idiosyncratic drug reactions
(~13%) (Ostapowicz et al., 2002)—and was the sin-
gle most common cause of post-marketing drug with-
drawal in a systematic review of 462 products (hepa-
totoxicity: 18%) (Onakpoya et al., 2016). Identifying
DILI liability early in drug development could prevent
costly late-stage failures and expensive safety stud-
ies (Watkins, 2011), yet reliable prediction remains an
open challenge.

Current computational DILI predictors fall into
three categories.  Structure-only methods such as
GATNN (Wibowo et al., 2025) and classical fingerprint
baselines capture chemical liability signals but miss the
cellular response that makes liver injury a biological
phenotype rather than a purely structural property.
Proxy-augmented methods like DILIPredictor (Seal
et al., 2024) combine chemical descriptors with pre-
dicted in vitro and in vivo proxy DILI scores; such
methods can be highly effective but rely on upstream
proxy models and assay-derived resources. Expression-
based methods leverage measured transcriptomic pro-
files to capture cellular response but require new gene-
expression experiments for query compounds, limiting
their use inside early generative-design loops.

This leaves a gap central to generative biology: can a
model provide a queryable virtual hepatocyte response
from a molecular structure, and can that predicted re-
sponse guide drug-safety decisions without measured
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query assays? We address this by predicting drug-
induced hepatocyte expression computationally and
using the predicted biological state as a retrieval key
over a small labeled reference set. The resulting sys-
tem is generative-compatible rather than a molecule
generator itself: it can be placed downstream of any
generator that proposes valid SMILES and can return
a hepatocyte-response estimate before synthesis. Un-
like endpoint-only toxicity classifiers, Hepa-RAFT ex-
poses an intermediate predicted hepatocyte response,
allowing candidate molecules to be ranked not only by
a scalar liability score but also by the transcriptomic
state supporting that score.

Our retrieval-first design follows work on retrieval-
augmented and few-shot drug discovery. Schimunek
et al. (Schimunek et al., 2023) (MHNfs, ICLR 2023)
showed that context-enriched molecular representa-
tions improve few-shot drug-discovery tasks. We oper-
ate in an even smaller DILI-label regime (n=165), so
we keep the learned component focused on hepatocyte-
response prediction and use non-parametric retrieval
for the small-label downstream tasks.

We introduce Hepa-RAFT (Hepatocyte Retrieval-
Augmented Framework for Toxicogenomics), a task-
adaptive retrieval framework with two heads sharing
a single FiLM-decoder backbone:

1. Virtual hepatocyte-response head. A FiLM-
conditioned neural network maps SMILES inputs
to drug-induced expression profiles over 5,000 hep-
atocyte genes. The profile is refined by similarity-
weighted residuals from training drugs whose pre-
dicted perturbation is most similar to the query’s.
Ablation shows that this task is best served by
predicted-delta similarity alone.

2. DILI-liability head.  DILI liability is scored
by similarity-weighted voting over the same la-
beled reference set. Here retrieval combines four
evidence channels—chemical substructure (Mor-
gan), predicted transcriptomic state, pharmacoki-
netic properties (ADMET-AI), and drug-target
profiles (DGIdb)—because hepatotoxicity arises
from multiple partly independent biological mech-
anisms (Aleo et al., 2014; Uetrecht, 2019).

In summary, our contributions are: (i) a SMILES-
queryable virtual hepatocyte-response assay producing
5,000-gene predicted expression profiles; (ii) retrieval
correction that improves held-out perturbation predic-
tion without adding learned parameters; (iii) a task-
adaptive retrieval design showing that expression pre-
diction and DILI liability prefer different biological

similarity geometries; and (iv) external DILI evalua-
tion with explicit training-overlap audits.

For external comparisons, we report training-overlap-
controlled subsets whenever competitor training lists
are available and separately audit benchmark-level and
feature-level overlap for our own pretraining corpus
(Appendix A). This audit is motivated by standard-
ized molecular benchmarking practice (Wu et al., 2018;
Huang et al., 2022) while avoiding a stronger claim
than the available training-set disclosures support.

2. Method
2.1. Framework Overview

Hepa-RAFT consists of four functional blocks (Fig-
ure 1): (i) a frozen pre-trained chemical-language
drug encoder (MoLFormer; Section 2.2), (i) a FiLM-
conditioned expression decoder shared by both re-
trieval heads (Section 2.2), (iii) a fixed reference set of
n=165 labeled training drugs against which retrieval
is performed (Section 2.3), and (iv) two retrieval heads
with task-specific similarity functions: an expression-
correction head (Section 2.4, single-channel retrieval
on predicted-delta similarity) and a DILI-liability re-
trieval head (Section 2.5, multi-channel retrieval com-
bining four similarity measures).

The architecture is designed for unseen-drug infer-
ence. Operationally, the required query input is a
SMILES string: the drug encoder maps SMILES to a
fixed-dimensional chemical representation, the FiLM
decoder produces a predicted hepatocyte expression
profile, and the retrieval heads aggregate similarity-
weighted information from the reference set without
ever accessing the query drug’s measured expression
or DILI label. The DILI-liability retrieval head can ad-
ditionally use target-channel evidence when a DGIdb
match is resolved; otherwise it falls back to the avail-
able SMILES-derived and predicted-expression chan-
nels. Both heads are non-parametric in the retrieval
step (no per-drug training). DILI-label supervision
and the retrieval memory are restricted to the 165-
drug benchmark, while the FiLM expression decoder is
trained on the hepatocyte-expression corpus described
in Section 3 and Appendix A; consequently both heads
are directly applicable to new drugs without retraining
or wet-lab measurements of the query.
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2.2. Drug Encoder and FiLM-Conditioned Expression
Decoder

Drug encoder (MoLFormer). For input drug ¢ with
SMILES string s4, we obtain a chemical embedding

dq = fMoLFormcr(sq) S R768 (]-)

using the publicly released MoLFormer (Ross et al.,
2022) chemical-language model, kept frozen through-
out. MoLFormer was pre-trained on ~1B SMILES
via masked language modeling, providing a chemically
meaningful representation that generalizes to drugs
outside the 165-drug reference set: any new SMILES
with valid tokens yields a usable embedding without
further training. Auxiliary inputs to the decoder are
the cell type ¢ € {0,1} (PHH vs. HepaRG) and the
dose § € R™, fixed to the predefined inference condi-
tion (HepaRG, 5 uM) for all retrieval operations (Sec-
tion 3).

FiLM expression decoder. The decoder predicts a
drug’s hepatocyte expression response from (dgy,c,d)
via Feature-wise Linear Modulation (FiLM) (Perez
et al., 2018). The drug embedding produces per-gene
conditioning parameters

(ngﬁg) :fcond(dqac75; g)a g=1,...,5,000,
(2)

which modulate gene-level hidden states hy:
hlg =7y ©hy + B, (3)

A heteroscedastic Gaussian NLL output head (Nix
& Weigend, 1994; Kendall & Gal, 2017) produces a
per-gene mean fi, € R°% and log-variance log &2.
The per-gene log-variance branch is intended to down-
weight noisy genes during training under the small-
data, high-dimensional regime (n=165 drugs x 5,000
genes). We denote the mean output for drug ¢ at the
predefined HepaRG, 5 uM inference condition as

ygred = ﬂq c RSOOO, (4)
and at DMSO control as ygffd‘go, obtained by pass-
ing the same vehicle-control representation used dur-
ing training through the decoder under the same cell-
type condition. Implementation hyperparameters ap-
pear in Appendix B.

Trained once, applies to any SMILES. The encoder
is frozen (MoLFormer pre-trained weights, used as-
is). The FiLM decoder is trained once on TG-GATEs
and ToxCast HTTr hepatocyte profiles (Section 3) and
then frozen for all retrieval operations downstream. In-
ference for a new query drug requires no per-drug fine-
tuning, no measured expression of the query, and no

query label. The required input is a SMILES string;
optional target evidence is used only when the query
can be resolved in DGIdb, with a predefined fallback
when it cannot. This property permits both predicted-
expression correction and predicted DILI-liability scor-
ing to operate as a computational screening module.

2.3. Reference Database

Both heads retrieve against the same fixed database
of n=165 labeled training drugs. For each training
drug 4, the database stores: (i) the observed hepato-
cyte expression profile y¢a!l € R0 (TG-GATEs and
ToxCast HTTr; Section 3); (ii) the binary DILI label
DILI; € {0,1}; (iii) precomputed similarity features
used by the DILI-liability retrieval head—Morgan fin-
gerprint m; € {0,1}2%48 ADMET-AI vector a; € RS,
and binary DGIdb target profile t; € {0,1}'3%7; and
(iv) the raw FiLM-decoder output yP**¢ from the
frozen checkpoint, used by both heads. External query
drugs are never inserted into the database, and their
measured expression and labels are never consulted at
inference. The two heads define their own similarity
functions over this database (Sections 2.4 and 2.5).

2.4. Expression Prediction via Predicted-Delta
Retrieval Correction

The expression-correction head refines the FiLM de-
coder’s raw expression prediction using similarity-
weighted residuals from the k=7 training drugs whose
predicted perturbation is most similar to the query’s.
Retrieval uses a single similarity channel: the Pear-
son correlation between predicted deltas. Among the
channels available, this is the one that directly answers
the task-relevant question—which training drugs does
the model think behave most similarly to this query?
Adding chemical, pharmacokinetic, or target-based
channels to this retrieval step did not improve perfor-
mance and slightly degraded it in our ablation (Sec-
tion 4.3), so the expression-correction head is single-
channel by design.

Predicted delta.
q,

The predicted delta for query drug

2 . ~ pred

0, = ¥5"! — ¥haisos (5)
isolates the drug-specific perturbation signal from the
baseline cell state. It is a pure function of the trained
decoder and uses no observed expression measurement.

Retrieval similarity. The expression-correction sim-
ilarity is the Pearson correlation between predicted
deltas:

SM(g,i) = Pearson(d,, d;). (6)
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Figure 1. Hepa-RAFT pipeline. A query SMILES is encoded by a frozen MoLFormer drug encoder and passed through
the FiLM expression decoder to produce raw predicted hepatocyte expression. Retrieval augmentation then uses a fixed
training-drug reference memory to identify top-k neighbors. The expression-correction head retrieves neighbor residuals to
produce corrected expression (Section 2.4), whereas the DILI-liability retrieval head performs similarity-weighted voting
over retrieved labels to estimate DILI probability (Section 2.5). Both heads operate at inference without measured query

expression or query labels.

This is computed entirely in predicted space: both
vectors come from the FiLM decoder, and the simi-
larity computation never uses measured expression of
the query or its neighbors at retrieval time.

Retrieval correction. Let J\/',Sl)(q) denote the k=7
training drugs with the largest similarity S() (g, -). For
each retrieved neighbor ¢ we form the training-side

residual r; =y — yP™4 and aggregate:
y;orrected _ ysred + Z w; T, (7)
N (g)
SM(q,4)

(8)

w;

- Zje/\/;il)(q) 50(a.7)

Similarity weighting lets close neighbors dominate the
correction, so the aggregate remains meaningful when
only a few training drugs share the query’s mechanism.
Observed expression y°®! enters only through training-
side residuals; the query drug’s measured expression is
never used at retrieval or aggregation. The expression-
correction head therefore generalizes to any new drug
for which only a SMILES string is available. Empir-
ically, this step lifts Pearsonapgzo from 0.482 (FiLM
decoder alone) to 0.631 at k=7 under multi-seed 5-
fold scaffold CV (+0.149 absolute, +30.9% relative),
adding no learned parameters over the backbone.

2.5. DILI Classification via Multi-Channel Retrieval
Voting

The DILI-liability retrieval head produces a liability
score for a new drug by similarity-weighted soft vot-
ing over the labels of the k=10 most similar training
drugs. Unlike expression correction, estimating DILI
liability from molecular structure does not have a sin-
gle similarity channel that captures the relevant evi-
dence. DILI liability arises from multiple, partly in-
dependent mechanisms: chemical reactivity (e.g., re-
active metabolite formation), transcriptomic perturba-
tion (mitochondrial stress, oxidative damage), pharma-
cokinetic and exposure-related properties, and drug—
target interactions such as BSEP inhibition and mi-
tochondrial dysfunction-related targets (Aleo et al.,
2014; Uetrecht, 2019). The DILI-liability retrieval
head therefore combines four similarity channels that
span this evidence space. In internal multi-seed CV,
adding predicted expression to Morgan similarity gives
the largest gain, with smaller additional gains from
ADMET and target evidence (Section 4.3); external
behavior remains mechanism-dependent (Section 5).

Similarity channels.

e M (Morgan). Tanimoto similarity on 2,048-bit
Morgan fingerprints (Rogers & Hahn, 2010), cap-
turing chemical substructure: Sys(g,7) = |mg N
m;|/|m, U my|.
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e P (Predicted expression). Pearson correla-

tion between raw predicted expression profiles:

Sp(g,i) = Pearson(yEed, yP79). Note that DILI-
liability voting uses the raw decoder output rather
than the predicted delta of Equation (5): for DILI
voting the absolute predicted profile (which en-
codes both baseline cell state and perturbation)
is more discriminative than perturbation direction

alone.

o« A (ADMET). Cosine similarity on our curated
16-dimensional subset of ADMET-AI (Swan-
son et al., 2024) predictions, capturing AD-
MET /property evidence.

o T (Target). Jaccard similarity on binary
drug-target profiles from our processed
DGIdb (Freshour et al., 2021) snapshot (1,307
targets; 158/165 reference drugs covered).

For a query drug ¢, m, is computed via RDKit, a,
via ADMET-AI t, from DGIdb when available (drugs
lacking a match fall back to a T-free combination), and
ygred via the FiLM decoder of Section 2.2.

Channel combination. The combined similarity is the
mean over channels available for both drugs:

S (q,i) = > Se(q,i),  (9)

|Casl c€{M,P,A,T}"Cy:

where Cy; € {M, P, A, T} excludes channels for which
either drug lacks the corresponding feature.

Voting. Let NP (¢) denote the top-k=10 training
drugs under S (q,-), with similarities clipped to
[0,00). The DILI probability for query drug g is

P(DILI* [ q)= Y  w¥[DILL = 1],
ieN P (q)

5@ (q,4)
% e S0

When 3}, S®@)(q,7) = 0 we fall back to the training-
set DILI prevalence. Weighted voting lets close neigh-
bors dominate the prediction while still drawing on
the full k-neighbor context. The training-drug labels
DILI; are the only label information consumed; the
query drug’s label is never accessed at inference. The
DILI-liability retrieval head therefore returns a score
for any new drug with a valid SMILES and the avail-
able optional side information, just as the expression-
correction head returns a predicted response. Because
both heads are retrieval-based, each prediction can

(10)

w; =

be accompanied by nearest reference drugs, similarity
scores, and active evidence channels, giving users a di-
rect audit trail for whether a liability score is driven
by chemical similarity, predicted transcriptomic simi-
larity, ADMET resemblance, target overlap, or their
combination.

3. Experimental Setup

Training data and platform. We train the FiLM ex-
pression decoder on hepatocyte gene expression pro-
files from Open TG-GATEs (Igarashi et al., 2015)
(primary human hepatocytes; Affymetrix profiles,
RMA-normalized in our preprocessing) and EPA Tox-
Cast high-throughput transcriptomics (HTTr) pro-
files (Richard et al., 2016; Harrill et al., 2021) (includ-
ing HepaRG TempO-Seq targeted transcriptomic pro-
files, loga-CPM in our preprocessing). The full decoder
pretraining corpus contains 1,284 unique InChlKeys
(feature-level external overlap audited in Appendix A).
The labeled retrieval benchmark is the subset with
hepatocyte DEG measurements and binary DILI la-
bels derived from a consensus across public DILI re-
sources including DILIrank (Chen et al., 2016), Liver-
Tox (Hoofnagle et al., 2013), DILIst (Thakkar et al.,
2020), and DILImap (Bergen et al., 2025). This bench-
mark contains 165 drugs with 71.5% DILIT prevalence;
we therefore report AUPRC lift relative to prevalence
alongside AUROC and AUPRC. The gene vocabulary
spans 5,000 genes selected from control-condition ex-
pression variance on the probe/transcript intersection
of the two platforms.

External inference conditions. For every external
query drug we run a single forward pass through
the shared FiLM decoder at the predefined inference
condition: cell type = HepaRG and dose = 5 puM.
These conditions are fixed a priori as the standardized
virtual-assay condition used throughout the harmo-
nized hepatocyte-response benchmark, not as a patient
exposure estimate, and are applied uniformly across
DILImap and DILIst inference.

Evaluation protocol. Internal evaluation uses re-
peated 5-fold Murcko-scaffold cross-validation (Be-
mis & Murcko, 1996) with out-of-fold expression
predictions, so every held-out drug’s predicted re-
sponse comes from a decoder checkpoint that did
not see it during training. During internal DILI
evaluation, the retrieval memory is restricted to
scaffold-training drugs for each held-out query, so
the query drug and held-out test drugs cannot be
retrieved. Main-result 4+ bars report between-split
standard deviations across 5 split seeds; detailed
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fold statistics are reported in Appendix B. For the
expression-correction head, we report Pearson and
Spearman correlation on predicted vs. true expres-
sion deltas for the top 20 perturbation-responsive
genes per drug (Pearson/Spearmanapgsg), direction
accuracy (Dirpgag), and whole-transcriptome correla-
tions (Pearson/Spearmana,y). For the DILI-liability
retrieval head, we report AUROC, AUPRC, and
AUPRC lift (AUPRC minus DILI prevalence)—a
prevalence-aware ranking metric relevant under the
heterogeneous prevalences of internal (71.5%) and ex-
ternal (26.3-59.1%) sets. We select k using internal
CV only, fixing k=7 for expression correction and
k=10 for DILI liability before external evaluation.

External validation datasets. We evaluate on two ex-
ternal datasets: a DILImap-derived compound-label
set from a primary human hepatocyte SMART-Seq
toxicogenomics resource (Bergen et al., 2025) (n=893
after deduplication, 235 DILIT, prevalence 26.3%) and
a DILIst-derived compound-label set (Thakkar et al.,
2020) (n=1,077 after standardization, 636 DILIT,
prevalence 59.1%). After InChIKey deduplication
against our 165-drug benchmark, both external sets
have 0% benchmark-level drug overlap. DGIdb tar-
get profiles are used where available; drugs without
DGIdb matches fall back to the {M, P, A} channel set
per Equation (9). Because external evaluation uses a
single frozen checkpoint and fixed retrieval configura-
tion, Table 2 reports point estimates; a fold-checkpoint
sensitivity analysis is summarized in Appendix B.

Baselines and external overlap control. We compare
against DILIPredictor (Seal et al., 2024), ADMET-
AT (Swanson et al., 2024), GATNN (Wibowo et al.,
2025), and a Morgan fingerprint Random Forest base-
line trained on the 165-drug benchmark. For compara-
tors with disclosed training-set drug lists, we evalu-
ate only external drugs absent from the corresponding
training set; subset sizes are shown in Table 2. Morgan
FP RF and Hepa-RAFT are evaluated on the full exter-
nal benchmarks for label-level evaluation because their
DILI supervision is restricted to the 165-drug bench-
mark. Hepa-RAFT’s FiLM-decoder feature-level pre-
training overlap is audited separately in Appendix A,
together with all training-set provenance.

4. Results

4.1. Expression Prediction

Table 1 shows that retrieval-augmented correction sub-
stantially improves perturbation prediction. Under re-
peated 5-fold scaffold cross-validation, predicted-delta

retrieval correction (k=7) achieves Pearsonapgag of
0.631+0.033, a 30.9% improvement over the raw FiLM
decoder (0.482) and 87% over the fold-wise training-set
mean baseline (0.338). The expression-correction head
produces a virtual hepatocyte response for new drugs,
while the DILI retrieval head uses the shared decoder’s
raw predicted expression as one of its retrieval chan-
nels. Direction accuracy reaches 0.829, correctly pre-
dicting up- or down-regulation for 82.9% of the most
perturbation-responsive genes per drug. The gain is
not confined to DE20: retrieval-corrected expression
remains stable on broader DE50 and DE100 panels
(Table 5).

4.2. DILI Classification

Internal performance. With the four-channel Morgan
+ predicted-expression + ADMET-ATI + target-profile
setting at k=10, Hepa-RAFT reports internal AUROC
0.77940.022 and AUPRC 0.876+0.014 under multi-
seed 5-fold scaffold cross-validation (5 split seeds;
prevalence 71.5%; AUPRC lift +0.161 over prevalence).
For reference, the Morgan fingerprint Random For-
est baseline reports 0.523+0.080 / 0.711+0.048 (lift
—0.004) under the same protocol.

External DILI classification. Table 2 presents exter-
nal DILI classification performance for Hepa-RAFT
and the comparator methods. Hepa-RAFT reports
DILImap AUROC 0.713 (AUPRC 0.439, lift +0.176
over the 26.3% prevalence) and DILIst AUROC 0.637
(AUPRC 0.697, lift +0.106 over the 59.1% preva-
lence) without measured query expression or query
labels at inference. Viewed against disclosed DILI-
label supervision (Figure 2), Hepa-RAFT uses a 165-
drug DILI-label retrieval memory yet remains compet-
itive on DILImap with larger supervised DILI mod-
els after overlap filtering (0.713 AUROC vs. 0.740
for DILIPredictor and 0.684 for GATNN). On DILIst,
larger supervised DILI models perform better, high-
lighting the complementary regime targeted by Hepa-
RAFT: small-label, virtual-response-based retrieval
rather than label-rich endpoint classification.

Our own pretrain corpus. We audit feature-level over-
lap between the FiLM-decoder pretraining corpus and
the external benchmarks in Appendix A. This over-
lap is distinct from label-level evaluation: the DILI-
liability retrieval head retrieves only over the 165-drug
benchmark and uses only the training-side labels of
those 165 drugs at external inference; external drug
labels are never consulted by the voting step.

The external comparison is contextualized by disclosed
DILI-label training size in Figure 2.
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Table 1. Expression-correction head performance on held-out drugs. All rows use the same multi-seed 5-fold scaffold
CV regime (5 split seeds x 5 folds = 25 expression-decoder retrainings; + = between-split std, except the fold-invariant
Train mean row which carries eval-seed std). Pear/SpearADEgoz Pearson/Spearman correlation of predicted vs. true
expression delta on top 20 perturbation-responsive genes; Dir: fraction with correct up/down direction; Pear/Spearaan:

whole-transcriptome correlations on delta.

Method

Pearapge20 Spearapr2o

Dirpr2o Pearaan Spearaan

Fold train mean expr. 0.338+0.044 0.269+0.043 0.539+0.064 0.13240.026 0.115+0.019

FiLM decoder only

0.482+0.076 0.393+0.051 0.775+0.042 0.2484+0.095 0.257£0.082

Hepa-RAFT Pa

0.631+£0.033 0.5014+0.024 0.829+0.045 0.388+0.024 0.365+0.031

Table 2. External DILI classification with per-method training-overlap control. Each method is evaluated on the subset
of external drugs not present in its training-set disclosure; subset size n is reported per method. Morgan FP RF is trained
only on the 165-drug benchmark. Hepa-RAFT’s DILI-label supervision and retrieval memory are restricted to the same
165-drug benchmark; its FiLM-decoder pretraining overlap is audited separately in Appendix A. These two methods are
evaluated on the entire external benchmark where valid predictions are available. DILImap prevalence 26.3%, DILIst
prevalence 59.1%. AUPRC lift is AUPRC minus the prevalence on the corresponding evaluation set.

DILImap DILIst
Method n AUROC AUPRC n AUROC AUPRC
Morgan FP RF (165 train) 893  0.602 0.340 1,077 0.612 0.656
ADMET-AI 768  0.560 0.258 745 0.574 0.660
GATNN 276  0.684 0.296 539 0.792 0.755
DILIPredictor 684  0.740 0.471 357 0.824 0.845
Hepa-RAFT (ours) 893  0.713 0.439 1,077 0.637 0.697
AUPRC lift vs. prevalence +0.176 +0.106

External competitiveness at small-label scale
ADMET-AI omitted: upstream ADMET training size is not a comparable DiLI-label count

DIiLImap
165-drug
regime
0.8 DiLIPredictor 0.740
o " Hepa-RAFT 0.713 @ HepararT
O 0.7 A
4 A
=)
< GATNN 0.684
0.6 @ Morgan FP RF 0.602
0.5
— T T — T
DILIst
165-drug DILIPredictor 0.824
regime .
0.8 A
o GATNN 0.792
8 0.7 A
2 Hepa-RAFT 0.637 Hepa-RAFT
0.6 ® Morgan FP RF 0.612
0.5
— T T — T
165 500 1000 1500
Disclosed DILI-labeled training molecules (log scale)
Figure 2. External AUROC by disclosed DILI-labeled

training-set size. Dashed red lines mark Hepa-RAFT’s
AUROC. Hepa-RAFT and Morgan FP RF use the same
165-drug benchmark; DILIPredictor uses the reconstructed
1,111-drug disclosure universe in Appendix A; GATNN
uses 1,534 unique DILI-labeled SMILES. ADMET-AI is
omitted because its upstream training size is not a compa-
rable DILI-label count; exact metrics remain in Table 2.

4.3. Channel Ablation: Task Complexity Asymmetry

Expression correction: a single channel suffices.
Across all 15 non-empty subsets of the four retrieval
channels tested at k=7, the maximum Pearsonapgag
is achieved by predicted-delta similarity alone (Pa;
0.631+0.033). Every other subset is at or below
this value. Adding chemical structure (M) is approx-
imately neutral; adding ADMET-AI properties (A)
costs —0.015; adding drug—target profiles (T) costs
—0.029. Removing predicted-expression similarity en-
tirely drops performance below the FiLM decoder’s
own baseline of 0.482, indicating that the retrieval cor-
rection’s signal lives almost entirely in the predicted-
perturbation channel. The expression-correction head
therefore uses Pa (Section 2.4): a single channel that
directly answers the task-relevant question.

DILI classification: internal multi-channel gains. For
DILI classification under internal CV, predicted ex-
pression alone reaches AUROC 0.726, already close
to M+P (0.730) and substantially above M-only re-
trieval (0.555). Adding ADMET-AI properties and
drug-target profiles increases AUROC to 0.779 at
k=10. The four channels capture complementary evi-
dence sources (chemistry, transcriptomic stress, AD-
MET /property evidence, target evidence), so the
DILI-liability retrieval head uses {M, Praw, A, T} (Sec-
tion 2.5).
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Task-dependent retrieval geometry. The expression-
correction task is concentrated: predicting which genes
a drug perturbs and by how much. The model’s own
predicted-delta vector is the natural similarity for re-
trieving neighbors with correlated systematic errors,
and other channels add noise to that specific objective.
The DILI-liability task is composite: hepatotoxicity
depends on multiple, partly independent mechanisms,
so retrieval over a single channel leaves signal on the
table even when predicted expression is the strongest
individual channel.

Table 3. Per-head channel ablation under multi-seed 5-
fold scaffold CV (5 split seeds x 10 eval seeds, n=165,
prevalence 71.5%; £+ = between-split std). The expression-
correction head (left columns) reports Pearsonaprzo at
k=T7; the selected predicted-delta row (P) is bolded. The
DILI-liability retrieval head (right columns) reports DILI
AUROC at k=10; the selected four-channel row is bolded.
Channels: M = Morgan fingerprint, P = predicted-
expression similarity (predicted-delta similarity for expres-
sion correction; raw predicted-expression similarity for
DILI liability), A = ADMET-AI properties, T = DGIdb
target profiles. A columns are differences vs. each head’s
selected row. “Decoder” is the FiLM decoder evaluated
without retrieval.

Expression correction DILI classification
PearADEgg A AUROC A
Decoder only 0.4824+0.076 —0.149 — —

Channels

M only 0.441£0.075 —0.190 0.555£0.000 —0.225
P only 0.631£0.033 — 0.726+£0.023 —0.053
M+P 0.631£0.039 —0.001 0.730£0.015 —0.049
M+P+A 0.616£0.049 —0.015 0.754£0.032 —0.025

M+P+A+T 0.602+0.050 —0.029 0.779+£0.022 —

5. Discussion

Hepa-RAFT reframes DILI prediction as retrieval over
a virtual biological response rather than as a purely
discriminative small-label classifier. The main de-
sign lesson is task asymmetry: expression correction
is best performed in predicted perturbation space,
whereas DILI liability benefits from combining pre-
dicted transcriptomics with chemical, pharmacoki-
netic, and target evidence. Development checks found
higher-capacity heads less robust externally at this la-
bel size (Appendix D), motivating the retrieval-first de-
sign. This choice also makes the DILI head easy to up-
date: adding new labeled reference drugs changes the
retrieval memory without retraining a high-capacity
classifier.

Limitations and scope. The 165-drug label regime re-
mains an important constraint, but it is also the regime
Hepa-RAFT is designed for: learning is concentrated
in hepatocyte-response prediction, while the DILI end-
point is handled by an updatable retrieval memory.
The training-size view in Figure 2 is therefore best
read as contextual rather than as a controlled scaling
law, because comparator resources differ in label prove-
nance and auxiliary supervision. Hepa-RAFT should
also be interpreted as estimating hepatocyte-intrinsic
liability rather than total clinical DILI risk. Its signal
is most directly aligned with intrinsic mechanisms such
as mitochondrial stress, BSEP-related injury, reactive-
metabolite stress, and ER stress, and it is not de-
signed to model host immune or HLA-gated risk fac-
tors. Finally, the external benchmarks use related
public DILI curation protocols; drug-level overlap after
standardized-SMILES deduplication is zero, but exter-
nal AUROC should be interpreted as unseen-drug gen-
eralization under related label definitions rather than
as fully independent clinical validation. These scope
limits motivate future work on mechanism-stratified
labels and adaptive channel weighting.

Broader impact. Hepa-RAFT provides a SMILES-
queryable virtual hepatocyte assay that could be
used inside generative or agentic drug-design work-
flows to triage compounds before experimental test-
ing, potentially reducing animal testing and accelerat-
ing early-stage safety screening. False negatives, how-
ever, could create unwarranted confidence in unsafe
compounds, so predictions should complement—not
replace—experimental safety evaluation and clinical
judgment.
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A. Per-Method Training-Set Sources

Table 4 lists the training-set disclosures used to ex-
clude overlapping external drugs for Table 2. Match-
ing uses standardized InChIKey first and standardized
SMILES as fallback; reconstruction assumptions are
stated when source lists are incomplete.

Table 4. Comparator training-set sources and reconstruc-
tion notes. Matching key: standardized InChIKey, with
standardized SMILES fallback. The FiLM-decoder row re-
ports feature-level pretraining overlap against the external
sets.

Method / Training list Reconstruction notes

corpus source

Published Seal et al. Published 888-drug training list.

DILIPredictor (2024) Supp.

training list Table S1

DILIPredictor Seal et al. Reconstructed 1,111-drug

disclosure (2024) conservative disclosure universe

universe published for the matched subsets
training/held-  in Table 2 and the training-size
out/resource axis in Figure 2.
lists

ADMET-AI Swanson et al. Corpus enumerated in the

(zero-shot) (2024) DILI

training set

public release; Table 2 reports
external performance after
removing drugs overlapping this
disclosed training set.

GATNN Wibowo et al.  Training data fully enumerated
(2025) in the released artifacts; Table 2
preprocessing  reports external performance
files (1,534 after removing drugs
unique overlapping this disclosed
SMILES) training set.

Morgan FP Our 165-drug 0% overlap by construction.

RF (ours) benchmark

Ours (FiLM 1,284 Self-disclosure: 4/893 DILImap

pretraining) InChIKeys and 90/1,070 DILIst SMILES

appeared in FiLM pretraining
(1,070 = DILIst entries with
standardized InChlIKeys;
7/1,077 lack standardized
InChIKey). External labels are
never used by the DILI-liability
k-NN vote (Section 4.2).

B. Implementation Hyperparameters

FiLM-decoder configuration, shared by the final check-
point and all 25 scaffold-CV retrainings: 5,000 control-
HVG genes on the TG-GATEs/ToxCast intersection;
frozen 768-d MoLFormer encoder; hidden dimension
64; attention-weighted FiLM (“attn_film”, per-gene
drug attention); Gaussian negative log-likelihood with
mean /log-variance heads; Adam, learning rate 1073,
batch size 32, maximum 200 epochs, early stopping pa-
tience 45; cell-type vocabulary {HepaRG, PHH}; train-
ing dose range 0.01-100 uM. External inference uses
HepaRG and 5 uM (Section 3). Both retrieval heads
are deterministic and parameter-free given frozen
FiLM outputs plus Morgan, ADMET-AI, and DGIdb
features. Internal scaffold folds contain 32-34 drugs,
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DILI* prevalence 0.706-0.727, and 13-29 unique Mur- Table 5. Expression-correction performance by gene panel
cko scaffolds ’ size (predicted-delta retrieval, k=T).

. Gene panel Peara Direction
C. Algorithm
DE20 0.631£0.033 0.829
DES50 0.635+0.034 0.817
DE100 0.628+0.034 0.798

Algorithm 1 Hepa-RAFT Inference
Input: Query drug SMILES ¢, training drug

database D

Output: Predicted expression y,, DILI probability
Dq

// Expression-correction head

d, < MoLFormer(q) Drug embedding
ygred + FiLM decoder(d,; HepaRG, 5 uM) Raw
prediction

0, — ypred — ygfffso Predicted delta
Ni < k-NN(q, D, S, k=7) Expression neighbors
Vo ygred + 3 N, Wil Residual correction

// DILI-liability retrieval head

N3 < k-NN(q, D, S®, k=10) DILI neighbors using
M/raw-P/A/T channels

Pq Zie/\fz w; W[DILL=1], w; = Sg./ Zj Sq.j
Weighted soft vote

return y4, pq

D. Internal Development Checks

During development, we also evaluated higher-
capacity DILI heads on FiLM-derived representa-
tions, including neural classifiers, boosted trees, and
representation-learning variants. These diagnostics of-
ten improved or matched internal scores but did not
improve external generalization at the available 165-
drug DILI-label scale. We therefore use them only to
motivate the final retrieval-first design rather than as
controlled benchmark comparisons.

E. Additional Results

Perturbation prediction across gene panel sizes. Ta-
ble 5 shows that retrieval-augmented correction is
robust across different numbers of differentially ex-
pressed genes, maintaining high performance from
DE20 to DE100.
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