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Abstract

DILI-related tasks.

Scientific contribution
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Drug-induced liver injury (DILI) presents a significant challenge due to its complexity, small datasets, and severe class
imbalance. While unsupervised pretraining is a common approach to learn molecular representations for downstream
tasks, it often lacks insights into how molecules interact with biological systems. We therefore introduce VitroBERT,

a bidirectional encoder representations from transformers (BERT) model pretrained on large-scale in vitro assay
profiles to generate biologically informed molecular embeddings. When leveraged to predict in vivo DILI endpoints,
these embeddings delivered up to a 29% improvement in biochemistry-related tasks and a 16% gain in histopathol-
ogy endpoints compared to unsupervised pretraining (MolBERT). However, no significant improvement was observed
in clinical tasks. Furthermore, to address the critical issue of class imbalance, we evaluated multiple loss functions-
including BCE, weighted BCE, Focal loss, and weighted Focal loss-and identified weighted Focal loss as the most
effective. Our findings demonstrate the potential of integrating biological context into molecular models and high-
light the importance of selecting appropriate loss functions in improving model performance of highly imbalanced

We introduce VitroBERT-a general framework that extends traditional molecular pretraining by incorporating biologi-
cal supervision. Our results demonstrate that molecular embeddings enriched with in vitro interactions outperform
those based solely on chemical data. These findings reinforce the value of in vitro data in capturing biologically
relevant information and highlight the model’s ability to leverage these features to model DILI risk.

Introduction

Drug discovery is a complex and costly process, relying
on a combination of in vitro, in vivo, and clinical studies
to assess the safety and efficacy of potential therapeutic
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compounds [1]. In vitro experiments utilize isolated bio-
logical components-including microorganisms, cells, or
biomolecules-extracted from their native physiological
context. These studies are conducted under controlled
laboratory conditions, allowing for precise manipula-
tion and observation of specific biological processes [2].
Conversely, in vivo studies are performed within intact
living systems, encompassing microorganisms, animals,
humans, or whole plants, thereby preserving the com-
plex interactions and regulatory mechanisms inherent to
complete organisms.
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In vitro models are employed to elucidate the phar-
macokinetic properties of xenobiotics, specifically their
absorption, distribution, metabolism, and excretion
(ADME) profiles [3]. For instance, hepatic metabolism
and potential toxicity can be assessed using primary
hepatocytes or liver-derived cell lines such as HepaRG or
HepG2 [4, 5]. These cellular systems enable the quanti-
fication of metabolic rates, identification of metabolites,
and evaluation of cytotoxicity, providing crucial data
on liver-specific drug interactions and potential hepa-
totoxicity [6]. In vitro studies offer a simplified, con-
trolled environment to investigate biological systems at a
molecular level. By isolating specific components such as
hepatocytes or hepatic stellate cells, their roles in drug-
induced liver injury (DILI) is investigated [7, 8]. These
approaches facilitate detailed analysis of mechanisms
underlying DILI, accelerates drug safety assessment, and
reduces the reliance on animal models. Additionally,
High-throughput screening can efficiently test drug can-
didates for potential hepatotoxicity, aiding in early drug
development and reducing clinical trial failures due to
DILI [9].

In vitro to in vivo extrapolation (IVIVE) is a critical
challenge in translating research findings from controlled
laboratory conditions to complex biological systems [10].
While in vitro studies offer detailed mechanistic insights,
they often fail to accurately model outcomes in whole
organisms. Factors such as drug delivery, metabolic pro-
cesses, and complex tissue interactions can significantly
influence drug efficacy and toxicity in vivo [11].

To bridge the gap between in vitro data and in vivo
outcomes, particularly in the context of drug-induced
liver injury (DILI), various modeling approaches have
been developed. Traditionally, mathematical and statis-
tical models such as physiologically based pharmacoki-
netic (PBPK) models have been employed to extrapolate
in vitro findings to in vivo scenarios [12]. These models
simulate the absorption, distribution, metabolism, and
excretion (ADME) of drugs within living organisms using
in vitro data from liver cells like hepatocytes [13]. By
integrating physiological parameters such as liver blood
flow, enzyme activity, and drug-binding properties, PBPK
models can estimate drug concentrations and potential
hepatotoxicity in the liver over time [14].

In recent years, many approaches have been proposed
to reduce the gap between invitro-invivo extrapola-
tion [15-17]. Robust DILI models have been proposed
by combining molecular features, with other modalities
such as transcriptomics [18], physicochemical properties
[19, 20], and selected in vitro assays [21, 22].

Clinical DILI datasets are often small-scale, represent-
ing only a fraction of the vast chemical space, leading to
models that struggle to generalize to unseen chemicals
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[23]. To address this limitation, researchers leverage rep-
resentations derived from large amounts of unlabeled
data [24]. These models transform data into a vectorized
space, generating concise and well-structured represen-
tations that encompass broader chemical space [25]. To
facilitate learning of underlying chemistry, various pre-
text tasks are carefully designed, including input trans-
lation between modalities [26, 27], input reconstruction
[28, 29], and recovering masked or corrupted input [30].
In recent years, transformer-based models have been
applied to molecular representation learning [31-34].
BERT (Bidirectional Encoder Representations from
Transformers) is pre-trained on large text datasets
using two objectives, defined by Devlin et al. [35] as the
masked language model (MLM) and next sentence pre-
diction (NSP) task. During pre-training, BERT learns
bidirectional contextual embeddings for each token. By
fine-tuning on task-specific labeled data, BERT adapts
its learned representations to various downstream natu-
ral language processing tasks, achieving state-of-the-art
performance. BERT can learn molecular representations
by treating molecular structures represented as SMILES
[36] as token sequences. Pre-training BERT on large
molecular datasets with appropriate objectives, such as
incorporating physicochemical properties or molecule
relationships, enables it to learn robust chemical repre-
sentations [37]. Fine-tuning the pre-trained BERT model
on small task-specific labeled data can provide improved
performance in various drug discovery applications [30].
These models excel at learning molecular context but
often lack biological context, which is crucial for accurate
toxicity modeling [38]. Integrating biological informa-
tion, such as cellular phenotypes [38, 39] and -omics data
[40], allows models to capture both chemical and bio-
logical responses to chemical exposure. To enable joint
molecular representation learning from both chemical
structure and corresponding biological annotations, we
introduce VitroBERT-a general framework that extends
traditional molecular pretraining by incorporating bio-
logical supervision. VitroBERT combines a shared BERT
encoder with modular, task-specific heads for mask-
ing, physicochemical properties, and in vitro biological
assays. The masking head captures SMILES grammar,
the physicochemical head learns molecular intrinsic
characteristic, and the in vitro head models biological
interactions. This pretrained model yields biologically
informed embeddings of downstream molecules, which
are then used to train a lightweight multilayer perceptron
(MLP) head for modeling animal and clinical toxicity as
depicted in Fig. 1. We incorporated in vitro assays related
to DILI-positive drug’s off-targets from the OFF-X data-
base and ADME-related in-house assays to provide the
relevant biological context. Our results demonstrate that
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Fig. 1 Overview of the VitroBERT framework: VitroBERT learns biologically informed molecular representations by jointly training on SMILES
masking, physicochemical properties, and in vitro assays. This enables the model to capture both chemical and biological context. For downstream
tasks, the pretrained BERT encoder is frozen, and an MLP head is trained on labeled data to estimate animal or clinical toxicity

embeddings enriched with in vitro interactions outper-
form those based solely on chemical data. To demon-
strate the generalizability of the VitroBERT framework,
we evaluate it on both publicly and proprietary datasets.
While the public evaluation facilitates reproducibility, the
in-house results highlight VitroBERT’s practical utility in
real-world industrial settings.

Materials and method

Problem definition We consider a modeling problem
from molecules x to binary toxicity profiles y € {0, 1}"
of P endpoints from a dataset D = {(xn,yn)}f:]:l of size
N. We assume a function f(x;6) € [0, 11? that outputs
separate probabilities for endpoints, and we use a short-
hand fu, =f(Xu; 0)p. Molecules are represented by
either strings by using SMILES notation, a binary vector
x € {0,1}" or a continuous vector x € R”.

Pretraining datasets

In this study, we used two pretraining in vitro datasets: a
DILI-centric in-house dataset and the publicly available,
curated ChEMBL20 dataset.

J&J in vitro dataset To extract DILI-centric in vitro
dataset, we used OFF-X (the Off-Target Database), a
comprehensive resource that compiles data on unin-
tended interactions (off-target effects) of drugs and
chemicals with proteins or receptors other than their

primary targets, which can lead to side effects or toxicity.
In our study, we utilized OFF-X to extract liver-related
in vitro data. The OFF-X “drug-score” database lists
associations of ~7800 drugs with 11500 ADRs. Focus-
ing on 172 liver-related clinical ADRs identified through
MedDRA IDs, we identified ~3000 drugs classified as
liver-positive. Using the OFF-X “off-target” database,
we found 21000 off-targets for these drugs. Upon que-
rying J&]J database to select assays that screened against
these targets yielded approximately 7000 assays across
1.2 million compounds. These assays measure compound
potency via pIC50, ranging from 4.3 to 6.0, correspond-
ing to IC50 values of 50 uM to 1 M. These assays are
binarized by using several thresholds (with pIC50 > th),
indicating compound activity against the target. We
further enriched the data by including ADME-related
assays-such as microsomal clearance, CYP450 inhibition,
solubility equilibrium, permeability, and plasma protein
binding. From this extensive dataset, we selected only
assays with at least 100 active and inactive compounds,
resulting in a final in vitro set comprising 1.26 million
compounds across approximately 1200 tasks. Addition-
ally, there is no overlap between pretraining and down-
stream molecules

Public in vitro dataset We also trained a separate
model using only the publicly available ChREMBL20 data-
set for in vitro pretraining. This manually curated dataset
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comprises &~ 450,000 drug-like molecules annotated
across 1310 binary classification tasks, including ADME,
toxicity, physicochemical properties, binding, and func-
tional activities [41]. All SMILES were processed using
our standard pipeline (detailed in the Supplementary
Information), and molecules appearing in downstream
tasks were removed. Additionally, only targets with at
least 10 positive and 10 negative samples were retained,
resulting in a final dataset of ~ 445,000 molecules and
1243 filtered targets.

Downstream datasets

J&]J Preclinical dataset This preclinical set integrates
liver histopathology data from the TG-GATES dataset
[42], which includes 138 compounds administered to rats
under various concentrations and exposure conditions.
We expanded this dataset to 412 molecules by incorpo-
rating J&J internal data. The histopathology labels were
standardized to INHAND nomenclature for consist-
ency [23]. The criteria used for mapping histopathology
severity to numerical values is summarized in Table S1.
Among the 55 liver endpoints, we selected 11 observed in
at least 5 unique compounds: Pigmentation (P.D), Necro-
sis, Hypertrophy-Hyperplasia, Increased mitoses, Infil-
tration-Mononuclear, Cytoplasmic alteration (B.G.D),
Single Cell Necrosis, Hypertrophy-Hepatocellular,
Extramedullary Hematopoiesis, Cytoplasmic alteration
(E.), and Vacuolation. Additionally, we included a global
toxicity task, DILI_binary, which is positive if any of the
classes show toxicity. Additionally, we incorporated 8
readouts from the TG-GATES biochemistry database:
Alkaline Phosphatase (ALP), Aspartate Aminotransferase
(AST), Alanine Aminotransferase (ALT), Gamma-Gluta-
myl Transferase (GTP), Total Cholesterol (TC), Triglyc-
erides (TG), Total Bilirubin (TBIL), and Direct Bilirubin
(DBIL). Binary histopathological labels were generated by
pooling data across dose and time by using Equation S1,
while biochemistry readouts were binarized using expert-
defined thresholds given in Table S2; by using Equa-
tions S2-S4. The subset of this dataset is publicly available
[23].

Public Preclinical Dataset To ensure reproducibil-
ity, we pretrained a separate model, VitroBERT-public,
using the public in vitro dataset. We evaluated this model
using the same 8 biochemistry readouts from TG-GATES
data as in our internal dataset. These readouts were bina-
rized with expert-defined thresholds, given in Table S2;
by using Equations S2-S4. We extracted 138 compounds
from the TG-GATES database. We excluded molecules
with SMILES lengths exceeding 128, resulting in a final
set of 133 compounds (see Supplementary Section: Pre-
processing Pipeline), which were evaluated across these
biochemistry endpoints.
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Table 1 Number of molecules and targets in each modality

Stage Modality  Category Targets  Unique
Molecules
Pretraining In vitro Internal Assays ~ 1200 1.26M
In vitro Public Assays 1243 ~ 445K
Downstream  Preclinical  Internal Patholo- 12 412
gies
Preclinical  Internal Biochem- 8 412
istry
Preclinical ~ Public Biochem- 8 133
istry
Clinical SIDER 30 1217

“Preclinical” includes pathology and biochemistry tasks, while “clinical” refers to
DiLI-related tasks from the SIDER dataset. Two separate models were developed:
one pretrained on internal in vitro data and evaluated on internal pathologies,
biochemistry, and SIDER; the second pretrained on public in vitro data and
evaluated on public biochemistry tasks

Clinical Endpoints We used the publicly available
SIDER dataset, containing 6,060 adverse drug reactions
(ADRs) associated with 1,430 drugs; whose distribution
is shown in Figure S1 [43]. From this dataset, we iden-
tified 30 ADRs specifically related to drug-induced liver
injury (DILI) within the system organ classes “Investi-
gation” and “Hepatobiliary disorders” as highlighted in
Figure S2. Detailed information on task selection and dis-
tribution is provided in the supplementary material. We
excluded molecules with SMILES lengths exceeding 128,
as well as those containing salts and metals, to ensure
compatibility with pretrained MolBERT, resulting in a
final set of 1217 clinical molecules (Table 1).

Molecular representations

ECFP Extended-Connectivity Fingerprints (ECFP) is a
method used in chem-informatics to represent molecu-
lar structures as binary fingerprints, capturing structural
information by encoding the presence or absence of sub-
structural features within a specified radius around each
atom [44]. Through iterative traversal of the molecular
structure, unique sub-structural fragments are identi-
fied and hashed into a fixed-length bit vector, generating
a binary fingerprint where each bit indicates the pres-
ence or absence of a specific sub-structural fragment.
We encoded each molecule into fix 1024 dimensional
binary vector x € {0, 1}!9%* by using diameter 6 by using
Algorithm S2.

SMILES The Simplified Molecular Input Line Entry
System (SMILES) is a text-based notation that encodes
chemical molecules as linear ASCII strings. For instance,
aspirin, with the formula C9HgOy, is represented by the
SMILES string “CC(=0)OC1=CC=CC=C1C(=0)O" We
use canonical SMILES representations as input for the
BERT model.
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Continuous representations We used a BERT-based
model to convert SMILES strings into dense, continu-
ous high-dimensional vectors x € R7%8, These continuous
representations capture both local and global molecular
contexts of the molecules. These embeddings serve as
input for training task-specific MLP models to estimate
endpoint-specific toxicity.

Models

Baselines

We use Random Forest and multitask MLP as base-
lines, with both models utilizing ECFP fingerprints as
input. We encoded each molecule into fix 1024 dimen-
sional binary vector by using radius 6. Random Forest,
an ensemble method combining decision trees, reduces
over-fitting and provides robust, interpretable results
while scaling efficiently for large datasets. We optimized
task-specific hyperparameters using 5-fold cross-valida-
tion, as described in Algorithm S3. The hyperparameter
search space is detailed in Table S3.

The multitask MLP model consists of input, hidden,
and output layers, initialized with ECFP features. We
utilize dropout for regularization, batch normalization
for training stability, and the rectified linear unit (ReLU)
activation function as the default activation. Additionally,
the network incorporates a skip connection, merging the
input and output of the hidden layer, enhancing infor-
mation flow. The final output layer produces logits, con-
verted into probabilities via a sigmoid activation function
(Equation S5, and Figure S4).

We optimized the regularizer and loss function hyper-
parameters using 5-fold cross-validation. The search
space and hyperparameters are detailed in Table S3.

In vivo loss function

Given the nature of the problem, binary cross-entropy
(BCE) is a suitable choice for training. However, toxicity
datasets are often zero-inflated, with non-toxic (negative)
samples significantly outnumbering toxic (positive) ones.
Since BCE treats each observation equally, the model
may become biased toward the dominant negative class.
To address this imbalance, we introduce a weighted BCE,
where the positive samples are up-weighted by the factor
wt = Ne=
p Nyt
N,,_ for each endpoint p. The weight w;{ can be further
optimized by introducing a balancing parameter «, deter-
mined through cross-validation:

, the inverse ratio of positives N, to negatives

Ny—
wT 14
— £ 1_
» =N,y (1=a) 1)

where o € [0, 1] controls the degree of positive balancing.
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In cases of significant class imbalance, weighting alone
may be inadequate, as it does not differentiate between
easy (majority, non-toxic) and hard (minority, toxic)
examples. Focal loss, originally developed for object
detection, addresses this by incorporating a modulating
factor that reduces the loss contribution from well-classi-
fied examples, thereby focusing on difficult, misclassified
examples [45]. To assist focal loss further, we combine
focal loss with positive weighting, resulting in our pri-
mary loss function: weighted focal loss

N P
Ly = > wi (1= 0(fup)  yplogo (fup)
et 2)

+ O'(fnp)y(l _ynp) log (1 - U(fnp))

Here, y4p € {0,1} is the ground truth binary label for
sample # and endpoint p, f,, € R is the corresponding
raw model output, and o (-) is the element-wise sigmoid
function that maps model’s output to probability values
in the range [0, 1]. This weighted focal loss (FL") reduces
to focal loss (FL) when o = 0, to weighted BCE (BCE")
when y =0, and further to standard BCE when both
a=0andy =0.

MoIBERT

The MoIBERT model [37], an adaptation of BERT [35],
features 12 attention heads, 12 layers, and a 768-dimen-
sional hidden layer, with 85 million parameters. It is pre-
trained using two tasks: a masked token retrieval head
with cross-entropy loss and a physicochemical property
estimation head with mean squared error. The physico-
chemical properties, totaling 200, are computed using
RDKit. The final loss is the arithmetic mean of these indi-
vidual losses. This model is pretrained for 100 epochs
using the Adam optimizer on 1.6 million SMILES from
the GuacaMol benchmark dataset, which consists of
compounds curated from ChEMBL [46]. We used this
pretrained model to generate dense, continuous embed-
dings x € R7®® for preclinical and clinical SMILES.
These embeddings served as input for a multitask MLP
(Equation S5, and Figure S4). This strategy allowed us
to leverage a significant volume of unlabeled data, and
encapsulated the contextual information of larger chemi-
cal space. Further, we pre-trained MolBERT on J&]J mol-
ecules using the same masking and physicochemical
objectives. We refer to this domain-adapted model as
“PhyschemBERT".

VitroBERT

The VitroBERT model, based on the MolBERT encoder,
features three specialized heads: PhysChemHead,
InvitroHead, and MaskingHead. PhysChemHead and
InvitroHead each include a single hidden layer, with
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Table 2 BERT variants with various heads configurations, and
pretraining data sources

Encoder Pretraining Data Mask Physchem invitro
MolBERT GuacaMol v v x
PhyschemBERT Internal SMILES v v X
VitroBERT-internal  Internal in vitro v v v
VitroBERT-public ChEMBL20 v v v

Here, viindicates which head's loss is used to train the embeddings

PhysChemHead estimating physicochemical properties
and InvitroHead focusing on in vitro tasks. The Mask-
ingHead employs a linear layer, followed by a activation
and normalization, then a single layer encoder to map
hidden states to the vocabulary size. VitroBERT pro-
cesses each batch twice: first with 15% of tokens ran-
domly masked (corrupted sequence) and then without
masking (clean sequence), generating embeddings h¢or
and hgje,,. The MaskingHead uses heoyy to identify the
identity of masked tokens, while PhysChemHead and
InvitroHead use hge,, for modeling physicochemical
properties and in vitro targets. Losses are calculated
using Egs. 2, 3, and 4. Similar to MolBERT, we used the
trained VitroBERT models to generate dense, continu-
ous embeddings x € R7%® for preclinical and clinical
SMILES. These embeddings were then used as input
features for a multitask MLP (Equation S5, and Fig-
ure S4) to model toxicity endpoints.

All VitroBERT models initialize their encoder weights
from a pretrained MolBERT model, which was trained
on 1.6 million SMILES strings for 100 epochs. This
approach allows us to analyze the impact of different
loss combinations on the encoder’s ability to capture
and leverage molecular information. Table 2 presents
different BERT variants along with their pretraining
data.

Masking Loss VitroBERT evaluates the performance
of the masking task using the cross-entropy loss func-
tion, defined as:

T s .
1 exp(xpred[lr Xtrue [l]])
masking |m]| ; [ (Zj‘/:l exp(xpred[i,j])
3)

where Xpreqli, /] represents the model logits for token i
and vocabulary class j. X¢ueli] is the true token label for
the i-th position that was masked. m; is a mask indicator
where m; = 1 if the i-th token was masked and m; =0
otherwise. |m| denotes the number of masked positions,
V is the vocabulary size while T represents sequence
length.
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Physchem Loss To evaluate the loss for physico-
chemical properties, we use the Mean Squared Error
(MSE) loss defined as:

1
Lphyschem = ; Z ”% - yi||2 (4)
i=1

where € is the estimated vector of physicochemical
properties for the i-th sample, y; is the true vector of
physicochemical properties for the i-th sample, and # is
the number of samples. The notation || - |> denotes the
squared Euclidean norm, which sums the squared dif-
ferences between estimated and true values across all
properties.

In vitro Loss For in vitro tasks, we employed the
weighted focal loss with fixed parameters o =1 and
y = 2, as defined in the Eq. 2. No hyperparameter tun-
ing was performed to optimize these parameters for the
in vitro loss function.

VitroBERT training and evaluation

Training

We developed two variants of VitroBERT: VitroBERT-
internal, trained on J&J’s internal DILI-specific in vitro
dataset, and VitroBERT-public, trained on public in vitro
datasets as highlighted in Table 2. For VitroBERT-inter-
nal, the pretraining dataset was partitioned into train-
ing and validation sets using scaffold splitting, with the
validation set comprising 100,000 unique SMILES. For
VitroBERT-public, we utilized the public in vitro data-
sets (detailed in Section: 2.1) with & 20,000 compounds
reserved for validation. All VitroBERT variants were
trained using Algorithm 1 (given in Supplementary),
with the encoder initialized using pretrained MolBERT
weights to expedite training. Each variant was trained
for 10 epochs (equivalent to ~350,000 training steps for
VitroBERT-internal and ~130,000 steps for VitroBERT-
public). The progression of PhysChem loss, masked LM
accuracy, and in vitro AUPR during the pretraining stage
is shown in Figure S5. These plots highlight that VitroB-
ERT-public continues to improve across all tasks as train-
ing progresses.

Evaluation

We evaluated VitroBERT-internal on internal preclinical
pathologies, biochemistry endpoints, and DILI-related
tasks from the SIDER dataset. For internal evaluation,
we performed a 5-fold scaffold split, designating the fold
with most diverse scaffolds as the test set to rigorously
evaluate model generalization to novel and diverse set of
chemical structures (Further details are in Supplemen-
tary section: Pre-Processing pipeline). Additionally, we
assessed VitroBERT-public on biochemistry endpoints
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Fig. 2 Effect of weighted losses (MoIBERT-model). Top row: The wide gap in log-loss between positives and negatives indicates network bias
towards negatives, mitigated by Weighted BCE and Focal Loss, with Weighted Focal Loss most effectively reducing log-loss for positives. Bottom
row: ROC-AUC for train and test sets is shown, with light lines for task-wise values and a thick line for the mean; Weighted Focal Loss achieved

the highest test ROC-AUC

Table 3 Performance of models across preclinical (internal biochemistry, pathology) and clinical (SIDER) tasks using different feature

representations

Features Predictive In Vivo AUPR

Head Loss

Biochemistry Pathology Clinical Combined

ECFP RF - 0.37 £0.031 021+0014 0.26 £0.011 027 £0.017

MLP FL 0.38 +0.068 0.30+0.013 026+0.016 0.28 +0.021
MolBERT MLP FL 036+0.110 0.26 +0.024 0.31 +0.021 0.31+0.023
PhyschemBERT-internal FLY 0.45+0.035 0.28 +0.023 0.29 +£0.024 0.31+0.022
VitroBERT-internal FLY 0.51 +0.039 0.31+0.018 0.30+0.026 0.34 +0.022

MOoIBERT was trained on the GuacaMol dataset using masking and physicochemical heads. PhyschemBERT was trained on internal data using the same objectives
as MolIBERT, while VitroBERT additionally included an in vitro head trained on internal in vitro datasets. AUPR values are means across modality-specific tasks, with
standard deviations from 5 runs using different random seeds. Best models per modality are shown in bold

from the publicly available TG-GATES dataset compris-
ing 138 molecules. During preprocessing, five molecules
were dropped out, resulting in a final set of 133 mol-
ecules (see Supplementary Section: Preprocessing Pipe-
line). We used the predefined train-test folds from Chen
et al. [47], employing both their random and molecular
similarity-based splits, resulting 110 molecules in train-
ing and 23 molecules in test set. For both models, test
sets remained isolated during development and were
used exclusively for final model assessment and compara-
tive analysis. The remaining data served for model train-
ing, with hyperparameter optimization conducted via

5-fold cross-validation. All performance metrics reported
in Tables 3 and 4 represent model performance on these
held-out test sets.

Evaluation Metric Given the imbalance between posi-
tive and negative instances, the ROC-AUC curve can be
overly optimistic in highly imbalanced datasets [48, 49].
Therefore, we use Precision-Recall (PR) curves. The Area
Under the Precision-Recall Curve (AUPR) quantifies a
model’s performance by providing a single scalar value
that summarizes its ability to accurately identify positive
instances while maintaining precision. AUPR is particu-
larly useful for evaluating models in datasets where the
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negative class significantly outweighs the positive class.
However, for the sake of completeness, we report a whole
range of metrics in supplementary material.

Log-loss To compute the loss of positive and negative
instances for each task, we use the following equations:

N
1
Lhos = N Z (Yup log o (fup))
pos , _
1 - (5)
Lheg = 17— > (1= yup) log(1 = o (o))
neg

—

n=

Results and discussions

To analyze the impact of different loss functions, we
computed the log-loss for positive and negative instances
generated from MolBERT, as shown in Fig. 2. Task-wise
means, calculated using Eq. 5, are represented by small
blobs with ellipses indicating the 95% confidence interval
across all tasks. This visualization highlighted a network
bias towards the majority class (negatives), resulting in
elevated log-loss for positive instances, particularly with
Binary Cross-Entropy (BCE). Transitioning to weighted
Binary Cross-Entropy (BCE-W) prompted the model to
equally prioritize both positives and negatives, decreas-
ing log-loss for positives compared to BCE model. More-
over, Focal Loss naturally emphasizes on hard examples,
in this case, positive (toxic) instances, lead to signifi-
cantly lower log-loss for positives. Weighted Focal Loss
further supported this by assigning additional weight to
positive examples, consequently reducing the log-loss
of positive instances even further. In our experience
MoIBERT model provided the highest ROC-AUC with
weighted Focal loss as depicted in the bottom row of the
Fig. 2. We opted for weighted focal loss as the default
in vitro objective during VitroBERT pretraining, along-
side masking and physicochemical losses (as detailed in
Sect. VitroBERT).

In our experiments both Random Forest (RF) and and
MLP models with ECFP features delivered comparable
performance (Table 3). Incorporating pretrained Mol-
BERT features resulted in a 16% improvement in clini-
cal task outcomes as compared to ECFP features but
fails to make a difference in preclinical task, indicating a
lack of generalizable features for preclinical tasks among
both ECFP and MolBERT, the Focal loss yielded the best
results. In addition to AUPR, we also provide ROC-AUC
of these model in Table S4.

In the next stage, we pre-trained MolBERT on J&]J
molecules using the same masking and physicochemi-
cal objectives, referred as PhyschemBERT. Physchem-
BERT achieved a 20% improvement over MolBERT on
biochemistry-related tasks. This gain is attributed to
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the alignment between the pretraining and downstream
chemical spaces, despite having no overlapping com-
pounds. Building on this, we introduced an in vitro head
to MoIBERT, alongside the masking and physicochemi-
cal heads, and jointly optimized the encoder using all
three objectives. We refer to this model as VitroBERT.
As shown in Table 3, VitroBERT yielded a 29% gain in
preclinical biochemistry tasks, a 16% gain in preclinical
pathology tasks, and an overall mean improvement of 9%
across all tasks compared to MolBERT-without compro-
mising clinical performance. This highlights the value of
the in vitro head in capturing biological knowledge, as it
models molecular interactions at the cellular level. These
interactions are critical for understanding how toxicity
manifests at the cellular stage, which provides a founda-
tion for modeling broader toxicity outcomes in whole-
animal systems.

A task-wise performance comparison between Mol-
BERT and VitroBERT-internal is presented in Fig. 3. This
analysis reveals that MolBERT’s performance is mark-
edly skewed, excelling only in two biochemistry-related
tasks-TG and DBIL-while significantly underperforming
in other biochemistry tasks (AST, GTP, TC, ALT, TBIL,
ALP). In contrast, VitroBERT demonstrates broader
improvements, not only outperforming MolBERT across
most biochemistry tasks but also achieving substantial
gains in various preclinical pathology tasks such as Pig-
mentation, Necrosis, increased Mitoses, and Cytoplas-
mic alterations.

VitroBERT’s advantage is primarily evident in preclini-
cal settings, with limited improvement in clinical DILI
modeling. This may reflect the gap between in vitro data
and the complex clinical manifestations of DILI, which
involve multifactorial, host-specific responses [50]. Part
of this stems from our modeling of liver-related adverse
drug reactions (ADRs) from SIDER at the Preferred
Term (PT) level of the MedDRA hierarchy-where sig-
nals are inherently weaker-whereas most prior methods
operate at the broader System Organ Class (SOC) level
[51]. Although VitroBERT shows only modest gains in
estimating fine-grained DILI outcomes at the PT level,
its performance at the coarser SOC-equivalent level is
notably strong. To enable this comparison, we included a
binary task, “SIDER_binary’; where any PT-level toxicity
is aggregated into a single positive label. On this task, Vit-
roBERT achieves ~ 0.80 AUPR, indicating strong perfor-
mance at a broader level of abstraction (as highlighted in
Fig. 3). Furthermore, VitroBERT demonstrates substan-
tial improvements in estimating other clinical ADRs such
as Hepatic Necrosis, Liver injury, increased Blood Lac-
tate, Cholestasis, and Biliary Colic, along with marginal
gains in 13 additional tasks. These findings highlight the
utility of in vitro pretraining.
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Fig. 3 MOoIBERT vs. VitroBERT: Task-wise Comparison Bar color represents modality, while bar style differentiates between MolBERT and VitroBERT

ATTLTTLIIL GGG GGG S SU S SO

A

ATTLLLLLLLLLLLLLLLLL LY

ATLITLLLLLLLLLLLLLLLLLLLLLULOY

ALLLLLLLLLLLLNRSNNNY

ATTLLLLLL LU L LR R RN

ALLLLLLLLL LR

ALTLTLLLLLLLLLLL LSOO

0 ————————

S m W LRSS

—_—

1] x 0 > e

© L= L e o ey

= W m — O A

= —_—

Tmo 280 S ———

C = v = £ ——————————

G Ox g c u..a. —

T > =18 T O ATTRRTRBRBRRSN

————

o ALLLRLLRIRSSS

N —_—

(=} - l AT e

—_—

= ’/I AN

—_—

A

—_—

AN

—_—

AT e

———

Y

—_—

AN

—

S

=

AN

—

S

——

S

[Es

)

e

S

—

ALNRLNRRRRRSSS

—_—

P

—

—_—

AL

—

—_—

o © o < o~ o

— o o o o o
ddnv

Ateuiq i@

uopjejondep

(*3)uonesayje siwse|dolf)
sisalodojewaH Alejinpaweixy
Je|njj@203eday ‘AydosjiadAH
SIS01D3N |30 3|buls
(@'9°g)uonjessyje djwse|doih)
1e3|2NUOUO| ‘UoijRY|IHu|

S9S03IW pasealdu|
eise|diadAH/AydoiuadAH

SISOID8N

(ad)uonejuswbig

Areuiq y3qls

siapJosip Aseljiqojeday

aseasip Aueljiqojeday

sijijeday

aoipunel

pasealdu| aselajsueljoulwe auluele
J13e3sajoyd adipunef

pasealdul aseldjsuejoulwe ajeyedse
ain|iey di3eday

|ewIouqge 1S3 Uoiduny IaAl1|
ejwaeuignJijigsadAy

21103 Aseljiq

pasealdu| asejeydsoyd auljex|e poo|q
Aj1D1x0303eday

JewJouge uoijduny dijeday
paseaudul uignuljiq poojq
sise}sajoyd

pasealdu] aselaysuesyjAwein|b-ewweb
Alebawojeday

pasealdoul awAzua di3eday
paseaudul aseusaboipAysp a3e3oe| poo|q
siIsAosjoyd

Ain(uy Jejnj@>03eday

d13e3sajoyd siieday

Aanfuy Jan

sIsojeals dijeday

pasealdul saseulwesues)

19pJOSIp JaAl|

siselyysjoyd

sisoldau dijeday

(Ip/Bw)iga

(Ip/Bw)oL

(/nDdv

(Ip/Bw)igL

(/n).v

(Ip/Bui)oL

(1/NDd1O

(/n1Lsv

Tasks

VitroBERT (corr 0.43)

MoIBERT (corr 0.67)

°
°
&
-
0
>_ E
= o @
OIS
el = K
oR=F=
MCb
o o
© \n
o o
...
=
b
i)
I
= ey
CECES
ol = 5
0o = =
MCb
o o
©
o

pathology

pathology

o
oneJs sod

< ™
o

<

m
o o
ones sod

0.2

o
(=)

0.6 0.8 1.0

AUPR

0.4

0.2

0.0

0.8 1.0

0.6

AUPR
Fig. 4 Effect of data imbalance on individual tasks in MoIBERT and VitroBERT. VitroBERT shows lower sensitivity to class imbalance than MolBERT,

0.4
as indicated by the lower Spearman correlation

0.2

0.0



Masood et al. Journal of Cheminformatics (2025) 17:119

Page 10 of 12

VitroBERT-Public, pretrained on public in vitro datasets, was evaluated on 8 biochemistry-related endpoints from TG-GATES

Features In Vivo Random Split Similarity Split
Loss
AUPR ROC-AUC MCC AUPR ROC-AUC MCC

ChemBERTa-77M-MLM [33] FLY 041 +0.017 042 +0.036 0.16 £ 0.021 037 +0.016 051 +0.024 0.26 +0.030
ChemBERTa-77M-MTR [33] FLY 0.48 +0.025 055+0.013 0.24+0.022 0.32+0.028 047 +0.023 022+0.018
MoLFormer-XL-10pct [52] FLY 046 +0.045 048 +0.029 0.23 £0.022 0.40 +0.105 0.53 +£0.085 0.28 + 0.085
MoIBERT [32] FLY 0.48 +0.015 0.62 +0.025 0.30+0.024 037 +0.027 0.48 +0.022 0.25+0.033
VitroBERT-Public FLY 0.62 + 0.066 0.68 + 0.031 0.37 £ 0.037 0.40 + 0.037 0.55+0.043 0.31+£0.027

Performance metrics represent means across all tasks, with standard deviations calculated from 5 independent training runs using different random seeds. Evaluations
were conducted using both random and structural similarity splits. Results demonstrate VitroBERT's superior performance over ChemBERTa, MolFormer, and MolBERT

in both splitting strategies

Given the 50 tasks spanning three modalities, there is
significant variability in class imbalance (the ratio of toxic
to non-toxic samples) across tasks. To isolate the impact
of task-specific class imbalance, we generated a scatter
plot of AUPR versus positive ratio, with a regression line,
as shown in Fig. 4. We also computed the Spearman cor-
relation between AUPR and positive ratio, which indi-
cates that MoIBERT is more sensitive to class imbalance
than VitroBERT. Notably, VitroBERT shifts the biochem-
istry tasks towards higher AUPR values, as highlighted by
the orange points in the plot.

We further validated our approach using public data-
sets by pretraining VitroBERT on publicly available
in vitro data (ChEMBL20) and evaluating it on biochem-
istry-related tasks in the public TG-GATES dataset.
Despite ChREMBL20 being less than half the size of the
J&]J in vitro dataset and offering no novel chemistry-since
MoIBERT had already been pretrained on similar struc-
tures-VitroBERT still showed significant performance
gains across all metrics. Specifically, pretraining on pub-
lic in vitro data led to a 23% improvement with random
splits and a 7.5% improvement with similarity-based
splits in AUPR as compared to MolBERT (as shown in
Table 4). A comprehensive set of evaluation metrics is
provided in Supplementary Table S5. We also compared
full fine-tuning of VitroBERT with Low-Rank Adapta-
tion (LoRA) across downstream tasks, with results sum-
marized in the same table. The further details of these
adaption methods are given in Supplementary, section
“Hyperparameter search”

We also benchmarked VitroBERT against several other
pretrained models. These include ChemBERTa-MLM,
pretrained on 77 million compounds using a masking
objective, and ChemBERTa-MTR, pretrained on the
same dataset using a regression objective to model 200
physicochemical properties computed with RDKit [33].
Additionally, we compared against MolFormer, which
is pretrained on 1.1 billion compounds, although the

publicly available version includes only 10% of this data
(= 100 million compounds) [52]. All of these models
were pretrained solely on molecular data and did not
incorporate any biological information. In contrast, Vit-
roBERT learns biologically informed molecular repre-
sentations and consistently outperforms all other models
across all evaluation metrics-with one exception, where
its AUPR is comparable to that of MolFormer as high-
lighted in Table 4. These findings reinforce the value of
in vitro data in capturing biologically relevant informa-
tion and highlight the model’s ability to leverage these
features to model DILI risk.

All evaluations were conducted by extracting embed-
dings of downstream molecules using pretrained
encoders (MolBERT, VitroBERT, ChemBERTa, and Mol-
Former), followed by training a MLP head optimized
using the in vivo loss defined in Eq. 2. We performed
5-fold cross-validation using Algorithm S3, exploring
the hyperparameter search space outlined in Table S3
to identify optimal settings for the MLP head, including
the loss function parameters « and y. On the J&] internal
dataset, models using ECFP and MolBERT achieved the
best performance with the standard Focal loss, whereas
PhyschemBERT and VitroBERT achieved the highest
AUPR when trained with the weighted Focal loss. On the
public dataset, all models achieved optimal AUPR using
the weighted Focal loss.

In conclusion, our experiments demonstrate that
weighted focal loss outperforms BCE and weighted BCE
for handling highly imbalanced datasets. VitroBERT, with
in vitro pretraining, exhibits reduced sensitivity to class
imbalance-a critical challenge in toxicity modeling-mak-
ing it more robust and reliable for real-world datasets,
where imbalanced classes are often prevalent.

While MoIBERT, pretrained with masking and phys-
icochemical heads, performs well in clinical tasks, it
struggles in preclinical domains. This highlights the
limitations of chemically-inspired pretraining, which
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does not adequately capture the complexity needed
for effective generalization across diverse biological
contexts. Domain adaptation through PhyschemBERT
significantly enhances performance, as the in-house
chemical space aligns more closely with downstream
molecules, improving generalizability in preclinical
settings. Additionally, incorporating biologically rel-
evant information-such as pretraining on DILI-specific
in vitro data and utilizing off-target information from
DILI-positive drugs- enriches the model’s embeddings.
This integration of biological context allows VitroBERT
to better understand molecular interactions at the cel-
lular level, which is crucial for modeling broader toxic-
ity phenotypes observed in whole-animal systems.
Although the reported AUPR values may appear
moderate, they exceed the performance of existing
models for preclinical DILI modeling on noisy and
imbalanced datasets such as TG-GATES. In early-stage
drug development, even modest improvements can
be valuable for deprioritizing potentially hepatotoxic
compounds, thereby reducing downstream costs and
risks. Overall, these findings demonstrate that combin-
ing domain-specific biological data with chemically-
based pretraining provides a more comprehensive and
effective approach for improving accuracy in toxicity
tasks. VitroBERT’s ability to apply learned context from
in vitro data to in vivo settings underscores the value of
integrating both chemical and biological information.
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