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plainable AI methods for
toxicophore detection and toxicity prediction

Dina Khasanova *abc and Igor V. Tetko *ad

Recent studies have reported inconsistent behavior across explainable AI (XAI) methods in molecular

property prediction, raising concerns about their reliability. This work investigates whether such

inconsistencies arise from the XAI methods themselves or from the accuracy of the underlying predictive

model. A high-accuracy model was first trained on deterministic functional-group labels, where all

evaluated XAI methods consistently highlighted the correct atoms corresponding to the true structural

motifs. The analysis was extended to mutagenicity prediction, where the methods again identified known

toxicophores and chemically meaningful scaffolds. Model performance was then systematically

degraded by introducing controlled amounts of label noise. As predictive accuracy decreased,

agreement between XAI methods weakened gradually, and the highlighted features became less

chemically relevant. When accuracy reached around 0.65, this trend changed, with a much sharper loss

of agreement, indicating an explainability cliff. These findings underline the importance of assessing

model accuracy before drawing conclusions from XAI outputs.
Introduction

Deep learning models have gained a reputation for achieving
high predictive accuracy in chemistry.1,2 However, these models
remain black-box systems, meaning that experts cannot directly
observe or understand which internal decisions the model
makes to assign the class thus resulting in trade-off between
predictivity and explainability.3 As a result, users are unable to
obtain chemical insight from the model's learning process or to
modify the initial molecular structure to enhance desired
properties or reduce toxicity. Explainable articial intelligence
(XAI) therefore plays a crucial role in bridging this gap by
making model predictions more interpretable and scientically
meaningful.4 XAI techniques can be broadly divided intomodel-
agnostic and model-specic methods.5 Model-agnostic
approaches estimate feature importance through perturbation
or sampling strategies. Model-specic methods, in contrast, rely
on internal signals such as gradients, activations, or convolu-
tional feature maps, and their behavior depends strongly on the
architecture. For instance, in convolutional neural networks
withmultiple parallel lters (as in Transformer-CNN6), methods
like Grad-CAM (Gradient-weighted Class Activation Mapping7)
must be adapted to capture contributions from all
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convolutional branches rather than a single layer. Recent
studies have demonstrated that XAI methods can reveal chem-
ically meaningful attributions in molecular property prediction
and specically toxicity modeling. SHAP (SHapley Additive
exPlanations)8 has been applied to assess torsadogenic risk,
successfully identifying electrophysiological biomarkers that
improved both prediction and model design.9 Attention-based
graph neural networks using multiple molecular graph repre-
sentations have been used to detect toxicophores in mutagenic
compounds, with explanations aligning with known structural
alerts.10 Another approach aligned internal graph neural
networks (GNN) activations with chemically interpretable
features, resulting in a self-explaining framework for property
prediction.11 These examples highlight the potential of XAI to
extract human-interpretable insights from complex models and
build trust in their outputs.

Despite its potential, the application of XAI in chemistry
faces notable challenges. Recent work by Hartog et al.12 evalu-
ated multiple XAI methods in molecular property prediction
and demonstrated that their explanations were oen inconsis-
tent. Different representations of the same molecule led to
different sets of important features being highlighted, and the
quantitative comparison showed low agreement among the
explanation techniques. Similar inconsistencies were observed
even in randomly initialized models, suggesting that some XAI
outputs may be driven more by artifacts of molecular repre-
sentation (such as SMILES tokenization) than by true learned
chemical patterns. Additionally, Adebayo et al.13 demonstrated
that several widely used attribution methods fail basic sanity
checks, producing explanations that remain largely unchanged
Digital Discovery
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even when model parameters are randomized. This indicates
that some explanations may be driven more by input statistics
or architectural biases than by the learned decision function
itself. Another study14 showed that saliency-based explanations
can change substantially under simple input transformations,
such as constant shis or preprocessing operations, despite
identical model predictions. These ndings raise fundamental
questions about the reliability and reproducibility of current
XAI approaches in cheminformatics.

While such inconsistencies are oen interpreted as a limi-
tation of XAI itself, another possible explanation lies in the
accuracy of the underlying predictive model. When the model's
accuracy is low and its predictions are uncertain, the resulting
explanations become unreliable. In this case, each method may
attempt to rationalize unstable or incorrect predictions, leading
to different sets of highlighted features. In this case, poor
explainability may reect the model's limited predictive power
rather than a weakness of the XAI methods, making it
misleading to assess explanations without considering model
accuracy. To investigate this issue, we propose using a high-
accuracy model trained on deterministic labels, such as func-
tional groups. Because these labels are well-dened and directly
linked to structural motifs, this controlled setup enables us to
assess whether the inconsistencies observed in prior work arise
from the XAI methods themselves or from the predictive
model's performance.

Finally, the insights from this benchmark are extended to
the more challenging task of toxicity prediction. For this
purpose, the Ames dataset is used, a standard benchmark for
mutagenicity prediction. It includes compounds with well-
known structural alerts linked to mutagenicity, which makes
it appropriate for evaluating toxicity prediction models and
their explanations. Unlike functional groups, toxicity depends
on diverse physicochemical features,2,15 including conjugated
systems, bulky substituents, and reactive groups, which
complicate both modeling and interpretation. Our goal is to
produce explanations that are chemically interpretable and
consistent, thereby enhancing condence in predictive models.
Methods

In this section, the datasets used in this study are rst intro-
duced. Next, the applied XAI methods are presented, along with
a discussion of their differences and domains of applicability.
The model architecture, training procedure, and prediction of
functional groups and toxicity are then described. Finally, we
introduce the quantitative similarity metric used to assess
agreement between token-level attributions produced by
different XAI methods.
Datasets

To pre-train the transformer encoder to convert non-canonical
SMILES strings to their canonical SMILES, ChEMBL_V29 (ref.
16) dataset was used. ChEMBL provides a large collection of
curated bioactive molecules, making it a suitable resource for
learning robust SMILES representations. For predicting
Digital Discovery
functional groups and the toxicity label, the Ames dataset was
used.17,18 Ames test is a widely used biological assay that detects
the mutagenic potential of chemical compounds by measuring
their ability to induce mutations in Salmonella typhimurium
strains. This dataset contains multiple well-characterized
structural alerts associated with mutagenicity, making it a suit-
able benchmark for evaluating different XAI methods and their
correctness. The dataset contains test results for 7255 drugs and
class balance. Both these datasets were obtained from Thera-
peutics Data Commons.19 We pre-processed datasets to remove
ambiguities and incorrect compounds. Molecules were stand-
ardised for correct bonding, aromaticity, and hybridisation.
Salts were removed to isolate the primary compound and
Simplied Molecular Input Line Entry System (SMILES)20

strings were converted to their canonical forms. Duplicate
molecules and those with conicting labels were removed.
Molecules with canonical SMILES strings longer than 200
characters were also excluded. These steps were performed
using the RDKit package version 2024.03.5. The reported data-
set size is aer cleaning. The ChEMBL_V29 dataset was
randomly divided into 90% training and 10% validation data,
while the Ames dataset was split into 70% training, 10% vali-
dation, and 20% test subsets.

To support the interpretation of model predictions, a set of
knowledge-driven structural alerts was included. These alerts
correspond to well-established toxicophores associated with
mutagenicity and genotoxic carcinogenicity, originally derived
from systematic structure–activity analyses. Foundational
contributions include the mutagenicity alerts curated and vali-
dated by Kazius et al.;21 the structural features associated with
rodent carcinogenicity and bacterial mutagenicity reported by
Ashby et al.;22 the optimized and mechanistically derived alerts
compiled by Benigni et al.;23 and the SAR-based evaluation of
carcinogenic hazards in food contact substances described by
Bailey et al.24 The corresponding SMARTS patterns are available
in OCHEM.25,26
XAI methods

Five XAI methods were employed in this study, including both
model-agnostic and model-specic approaches. The model-
agnostic methods included SHAP values (GradientExplainer)8

and Occlusion,27 which can be applied to any machine-learning
model regardless of its architecture. These techniques estimate
feature importance either through perturbation-based analyses
(Occlusion) or by approximating Shapley values from coopera-
tive game theory (SHAP). In contrast, the model-specic
methods consisted of Integrated Gradients,28 DeepLIFT,29 and
Grad-CAM.7 These gradient-based techniques rely on access to
the internal structure of neural networks (activations, gradients
or convolutional feature maps). Integrated Gradients and
DeepLIFT attribute feature relevance by comparing predictions
to a reference baseline, while Grad-CAM produces localization
maps based on gradients propagated to the convolutional
layers. All methods were implemented using the Captum
library30 in Python, providing a unied and reproducible
framework for comparing XAI techniques. Among the model-
© 2026 The Author(s). Published by the Royal Society of Chemistry
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specic methods, gradient-based attribution techniques such
as Integrated Gradients and DeepLIFT rely on two formal
axioms. Sensitivity requires that features inuencing the
prediction compared to a chosen baseline receive non-zero
attribution, and implementation invariance ensures that func-
tionally identical models produce identical attributions. SHAP,
in contrast, is based on the Shapley axioms from cooperative
game theory: efficiency (the attributions sum to the model
output relative to the baseline), symmetry (features contributing
equally receive identical attributions), dummy or null-player
(features that do not affect the prediction receive zero attribu-
tion), and additivity (attributions for combined models equal
the sum of attributions for each model). Occlusion is a purely
perturbation-based method and is not dened by attribution
axioms, while Grad-CAM depends on convolutional feature
maps in specic layers and therefore follows architectural
constraints rather than general axiomatic requirements. In
token-based language models, each feature corresponds to
a discrete SMILES token whose embedding must remain
consistent with the model vocabulary. Perturbation-based
explanation methods that alter features directly in embedding
space can therefore produce inputs that no longer correspond
to valid chemical symbols or chemically meaningful molecular
representations. This issue is particularly relevant for model-
agnostic explanation methods such as Kernel SHAP8 and
LIME,31 which approximate feature importance through evalu-
ations on perturbed feature coalitions or locally sampled
perturbations. Such perturbations can break the correspon-
dence between embeddings and valid SMILES tokens, leading
to unstable and chemically implausible attributions. For deep
neural models, however, SHAP also provides gradient-based
variants. GradientExplainer32 (oen referred to as Gradient-
SHAP) estimates attributions using expected gradients for
differentiable models, avoiding arbitrary replacement of
embedding dimensions. DeepExplainer is likewise designed for
deep learning models, although it is based on Deep SHAP/
DeepLIFT-style approximations rather than the model-
agnostic Kernel SHAP formulation. In addition, Occlusion27 is
more suitable for token-based molecular inputs because it
replaces tokens with a valid mask or padding symbol, thereby
preserving the discrete input structure expected by the model.
In contrast, TreeExplainer and LinearExplainer are specialized
for tree ensembles and linear models and are not directly
applicable to token-based SMILES language models.

Standard gradient-based attribution can suffer from the
vanishing-gradient problem, where the gradient at the input
becomes extremely small because of saturating nonlinearities
or long chains of multiplications during backpropagation.31 As
a result, important features may incorrectly appear to have little
or no inuence on themodel's output. Integrated Gradients (IG)
solve this issue by evaluating gradients along a path from
a baseline input to the actual input, capturing changes in the
model's sensitivity even when the nal input gradient is near
zero.28 For embedding-based models, several baselines can be
used. A zero baseline sets all embedding values to zero and
represents the absence of signal, while a mean baseline,33

computed as the average embedding across the training data,
© 2026 The Author(s). Published by the Royal Society of Chemistry
provides a smoother reference point. In this work, the zero
baseline was chosen because it is computationally efficient and
does not require additional embedding passes. Although IG
overcomes the vanishing-gradient limitation of standard
gradients, it remains computationally more demanding
because it requires multiple gradient evaluations along the
integration path.

DeepLIFT,29 on the other hand, compares each neuron's
activation to a reference activation and assigns contribution
scores based on these differences. This enables efficient
computation of attributions in a single backward pass. More-
over, DeepLIFT separates positive and negative contributions,
which helps avoid situations where gradient-based methods
assign all importance to a single input feature. Integrated
Gradients (IG), by comparison, computes feature attributions by
integrating gradients along a path from a baseline input x0 to
the actual input x, dened as:

IGiðxÞ ¼
�
xi � x

0
i

� ð1
0

vF
�
x

0 þ a
�
x� x

0
��

vxi

da (1)

Thus, IG assigns importance based on the sensitivity of the
output to each input feature along this path. However, in
functions such as min(i1,i2), the gradient is non-zero only for
the smaller input, while the other input has zero gradient.
Consequently, IG attributes all relevance to the input with the
non-zero gradient, even though both inputs jointly determine
the output. In contrast, DeepLIFT, by propagating nite differ-
ences relative to a reference instead of relying solely on gradi-
ents, provides more balanced attributions in such cases.

GradientSHAP32 is an extension of Integrated Gradients that
incorporates SHAP's framework of attribution based on ex-
pected contributions. Unlike standard IG, which computes
attributions along a single path from a baseline to the input,
GradientSHAP samples multiple perturbed versions of the
baseline by adding noise and averages the resulting integrated
gradients. In our implementation, we use a zero baseline, cor-
responding to an input with no signal in the embedding space.
By doing so, GradientSHAP approximates SHAP values,8 which
quantify a feature's importance as its expected marginal
contribution to the model output across different reference
inputs. This combination allows GradientSHAP to capture both
IG's path-based sensitivity and SHAP's distribution-aware
feature contribution, providing robust attributions for our
model.

While GradientSHAP extends Integrated Gradients by
incorporating SHAP's framework of expected feature contribu-
tions, SHAP itself belongs to a broader family of perturbation-
based explainability methods. These approaches estimate
feature importance by measuring how the model's prediction
changes when parts of the input are removed or replaced.
Within this perturbation family, we adopt Occlusion,27 which
operates at the token level rather than on individual embedding
dimensions. In our setup, the method masks one token at
a time by replacing its entire multidimensional embedding
vector with a baseline value (zeros) and then measures the
resulting change in the model output. This preserves the
Digital Discovery
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semantic structure of the learned representation and yields
chemically meaningful perturbations. In contrast, classical
SHAP attempts to remove individual embedding dimensions,
even though these dimensions are not independent and
altering a single component does not correspond to any
meaningful chemical modication.

For comparison with gradient- and perturbation-based
attributions, we additionally applied Gradient-weighted Class
Activation Mapping (Grad-CAM), originally introduced by Sel-
varaju et al..7 Grad-CAM produces class-specic relevance maps
by weighting the activations of a chosen convolutional layer
with the gradients of the output score with respect to those
activations, thereby highlighting the regions of the input that
most strongly inuence the prediction through higher-level
convolutional features. Although Grad-CAM is applicable to
a wide range of CNN architectures, it must be applied to
a specic convolutional layer, typically the last one. Because our
model contains multiple parallel convolutional layers with
different kernel sizes, we compute Grad-CAM maps for each
layer separately and merge them into a unied relevance
representation (details provided in the Discussion section).
Unlike GradientSHAP, IG, Occlusion, or DeepLIFT, which eval-
uate importance at the level of individual input features or
perturbation units, Grad-CAM attributes importance at the level
of learned feature maps, providing insight into how the
network's convolutional lters integrate local sequence patterns
into higher-level representations. This makes Grad-CAM
a complementary XAI technique that captures model behavior
not accessible through token-level or embedding-level attribu-
tion methods.
Model architecture

For property prediction, the model architecture proposed by
Karpov et al.6 was adopted, combining a pre-trained trans-
former encoder with a convolutional neural network. This
architecture has been successfully applied as a winning solution
in several competitive benchmarks for molecular property
prediction. For example, it was used by the winning models of
the Tox24 challenge,1 where compounds were evaluated for
activity against transthyretin (TTR), and by the top-performing
model in the rst EUOS/SLAS joint compound solubility chal-
lenge.34 All models were implemented in PyTorch35 (version
2.4.0). SMILES strings were processed at the character level,
where each symbol was treated as an individual token with
a learned embedding vector. The transformer encoder was pre-
trained in a sequence-to-sequence architecture to convert non-
canonical SMILES into their canonical form, a task that
enables the model to learn chemically meaningful token-level
representations. Aer pretraining, only the encoder block was
retained and used as a xed embedding model for downstream
convolutional processing. For the transformer encoder, the
same hyperparameters as in the original publication were used,
except that the context length was increased from 110 to 202
tokens to enable the generation of embeddings for larger
molecules. The hyperparameters of the convolutional neural
networks were optimized using a Bayesian optimization
Digital Discovery
approach, which is described in the next section. Themodel was
rst applied to functional group prediction, formulated as
a multilabel classication task in which the output corresponds
to a binary vector indicating the presence (1) or absence (0) of
each functional group. The same architecture was subsequently
used for toxicity prediction, formulated as a binary classica-
tion task to determine whether a molecule is toxic or non-toxic.

Model training

The hyperparameters of the model were optimized using the
Tree-structured Parzen Estimator (TPE) algorithm36 imple-
mented in Optuna (version 4.1.0).37 The convolutional lter
sizes from the original publication6 were kept, while dropout
(0.0–1.0), learning rate (1e-5–1e-2), and weight decay (1e-6–1e-3)
were optimized. The validation cross-entropy loss was evaluated
for different hyperparameter combinations. Each training run
was conducted for a maximum of 20 epochs. Training was
terminated early if the validation loss did not improve for two
consecutive epochs, or if, aer 15 epochs, the validation loss fell
below the median value for that epoch. Aer determining the
optimal hyperparameters, the nal models were trained until
convergence on the validation set. Early stopping with
a patience of 10 epochs was applied, and the model weights
corresponding to the lowest validation loss were saved. All
models were trained using a weighted binary cross-entropy loss
function, where the weights accounted for class imbalance by
being inversely proportional to class frequency. The original
Adam (Adaptive Moment Estimation) optimizer38 was used and
training was performed with a batch size of 64 samples.

Cosine distance

With more than seven thousand molecules in the dataset,
inspecting individual explanations becomes impractical. A
quantitative metric is therefore needed to determine whether
different XAI methods highlight similar molecular regions or
identify entirely unrelated features. Cosine distance is applied
for this purpose. Cosine similarity, and by extension cosine
distance, is a standard measure for comparing high-
dimensional vectors.39 The similarity between two vectors is
dened as the cosine of the angle between them, and cosine
distance is computed as: cosine distance = 1 − cos(q). This
metric captures whether two attribution vectors point in
a similar direction (highlighting similar atoms), are orthogonal
(unrelated), or point in opposite directions (highlighting
contradictory atomic regions), as illustrated in Fig. 1.

For attribution methods that produce embedding-level
attributions per token (Integrated Gradients, GradientSHAP,
DeepLIFT, and Occlusion), the original explanations are repre-
sented as token-by-embedding matrices, where each token is
associated with a 64-dimensional attribution vector. To obtain
a single attribution value per token for comparison, these
embedding-level attributions were reduced by averaging across
embedding dimensions:

It ¼ 1

d

Xd
j¼1

at;j (2)
© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 1 Geometric interpretation of cosine similarity and cosine distance for evaluating whether XAI methods highlight similar, unrelated, or
different molecular regions.

Paper Digital Discovery

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 1

4 
M

ay
 2

02
6.

 D
ow

nl
oa

de
d 

on
 5

/1
5/

20
26

 6
:3

2:
12

 A
M

. 
 T

hi
s 

ar
tic

le
 is

 li
ce

ns
ed

 u
nd

er
 a

 C
re

at
iv

e 
C

om
m

on
s 

A
ttr

ib
ut

io
n 

3.
0 

U
np

or
te

d 
L

ic
en

ce
.

View Article Online
where at,j denotes the attribution value for token t in embedding
dimension j, and d is the embedding dimensionality. Grad-CAM
provides token-level attributions directly aer aggregation
across convolutional lters and therefore does not require this
reduction step. For each molecule, the resulting token-level
attribution vectors were trimmed to the actual SMILES length
(excluding the initial special token for embedding-based
methods). These vectors were then normalized independently
using Min–Max scaling to the interval [0,1]:

Inormt ¼ It � Imin

Imax � Imin þ 3
(3)

Cosine distance was subsequently computed between pairs
of normalized attribution vectors for each molecule, yielding
one distance value per molecule for each pair of methods. Mean
and standard deviation of these distances were then calculated
across all molecules to quantify overall agreement or dissimi-
larity between the XAI methods.
Table 1 Mean cosine distances between pairs of XAI methods for
different functional groupsa

Method pair
Mean distance
(positive class)

Mean distance
(all classes)

shap/ig 0.0001 � 0.00 0.0001 � 0.00
shap/deepli 0.0028 � 0.00 0.0038 � 0.00
shap/occlusion 0.0299 � 0.01 0.0247 � 0.01
shap/gradcam 0.3320 � 0.07 0.2120 � 0.02
ig/deepli 0.0026 � 0.00 0.0037 � 0.00
ig/occlusion 0.0298 � 0.01 0.0246 � 0.01
ig/gradcam 0.3320 � 0.07 0.2120 � 0.02
deepli/occlusion 0.0324 � 0.01 0.0260 � 0.01
deepli/gradcam 0.3216 � 0.07 0.2130 � 0.02
Occlusion/gradcam 0.3578 � 0.06 0.2173 � 0.02

a SHAP – GradientSHAP; IG – Integrated Gradients; DeepLi – Deep
Learning Important FeaTures; Occlusion – Occlusion-based
attribution; Grad-CAM – Gradient-weighted Class Activation Mapping.
Results

In the analysed dataset used in this study, functional groups
were not pre-assigned and therefore had to be identied. This
was accomplished using SMARTS pattern matching. Instead of
relying on simple SMARTS denitions, which oen capture only
the core substructure, we used the Extended Functional Groups
(EFG) SMARTS patterns.26 EFG denes both required and
forbidden atomic environments (e.g., distinguishing ketones
from carboxylic acids or amides that also contain a carbonyl
group), resulting in more specic and chemically accurate
functional group assignments.

The number of occurrences of each functional group in the
dataset is highly imbalanced: most molecules contain a group
only once, while structures with multiple repetitions are rare (SI
Table 1). From a toxicological perspective, the presence of
a single toxicophore is generally sufficient to initiate mutage-
nicity, and additional copies do not proportionally increase the
effect. Therefore, predicting exact counts provides little chem-
ical value, and a regression objective would be dominated by the
large number of low-count examples. For this reason, the task is
© 2026 The Author(s). Published by the Royal Society of Chemistry
formulated as a multi-label classication problem that focuses
on the presence or absence of each functional group. Using this
formulation, our model achieved a micro-averaged ROC-AUC of
1.0 on the test set, indicating perfect discrimination between
the presence and absence of functional groups. We report the
micro-average because it summarizes performance across all
labels in a single metric, offering a clear overall view of how well
the model detects functional groups in the multi-label setting.

The mean cosine distance was computed for each pair of the
ve XAI methods, and the results averaged over all functional
groups are reported in Table 1. The per-group results are
provided in the SI Table 2. Two metrics were evaluated: mean
positive and mean all. The mean all metric considers all
molecules, regardless of whether a given functional group is
present, whereas mean positive includes only those cases where
the corresponding bit in the output label vector is positive.

However, it is crucial to conrm that the agreed-upon attri-
butions correspond to chemically meaningful features. Since
our model is built to predict functional groups, the most
inuential fragments should indeed be the relevant functional
groups rather than chemically unrelated parts of the molecule.
To validate the chemical sense of these attributions, we
Digital Discovery

http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d5dd00576k


Digital Discovery Paper

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 1

4 
M

ay
 2

02
6.

 D
ow

nl
oa

de
d 

on
 5

/1
5/

20
26

 6
:3

2:
12

 A
M

. 
 T

hi
s 

ar
tic

le
 is

 li
ce

ns
ed

 u
nd

er
 a

 C
re

at
iv

e 
C

om
m

on
s 

A
ttr

ib
ut

io
n 

3.
0 

U
np

or
te

d 
L

ic
en

ce
.

View Article Online
visualized them on each molecule's structure using XSMILES:40

an interactive visualization technique that overlays attribution
scores on a 2D molecular graph alongside the molecule's
SMILES string. For visualization, token-level attribution values
were computed by aggregating embedding-level attributions
using the sum of absolute values across embedding
dimensions:

It ¼
X
j

��at;j�� (4)

where at,j denotes the attribution value for token t in embedding
dimension j. This aggregation yields a magnitude-based
importance score for each token. These scores were subse-
quently rescaled independently for each molecule using Min–
Max normalization to the interval [−1,1]:

Inormt ¼ 2� It � Imin

Imax � Imin

� 1 (5)

where Imin and Imax denote the minimum and maximum token-
level attribution magnitudes within the corresponding expla-
nation vector. In these visualizations, the color scale reects the
relative magnitude of attribution for each token: purple tones
indicate lower attribution magnitude, whereas green tones
indicate higher attribution magnitude. Importantly, the color
scale does not encode the direction (positive or negative
contribution) of the attribution but instead highlights the
relative importance of tokens within each molecule and
method. Across molecules, functional groups consistently
appear as the top contributors, suggesting that the model has
learned a chemically interpretable pattern. These observations
are consistent with the low cosine distances between attribution
vectors, indicating that four analyzed methods (SHAP, IG,
DeepLIFT, and Occlusion) highlight the same molecular frag-
ments in each compound, which correspond to the ground-
truth functional groups. In contrast, Grad-CAM behaves as an
outlier in this analysis (Fig. 2).

The attribution maps from IG, GradientSHAP, and DeepLIFT
are almost identical aer rounding the values to two decimal
places. A similar correlation was observed by Ancona et al.41

when comparing gradient-based attribution methods. The
occlusion method yields very similar importance scores at the
token level but with slight deviations. It correctly highlights the
key tokens corresponding to the hydroxyl group, although a few
atoms appear with marginally lower emphasis. These minor
differences arise because occlusion isolates each feature's
impact by removal, which can cause subtle shis in attribution
when nonlinear feature interactions are present. In contrast,
Grad-CAM produces a broader and more diffuse importance
map. The tokens responsible for the functional group still
exhibit positive attributions, but neighboring atoms also receive
positive scores, some even higher than the target atom. This can
be explained by Grad-CAM's tendency to spread importance
across larger regions of the molecule, whereas the other
methods concentrate it on more sharply dened atomic sites.

Once the methods are conrmed to highlight the correct
token as the leading contributor to the prediction, all methods
are applied to the same dataset for a different property: toxicity.
Digital Discovery
Our model achieved an ROC–AUC of 0.85, indicating strong
predictive performance given the challenging and heteroge-
neous nature of this property. This value is consistent with the
best results reported in the literature,42–44 suggesting that the
model operates near the dataset's performance ceiling, where
further improvements are limited by data noise and experi-
mental uncertainty (Table 2).

The attribution patterns derived from IG, DeepLIFT, and
GradientSHAP remain closely aligned, with mean cosine
distances on the order of 1.0× 10−4 between GradientSHAP and
IG and around 7.0 × 10−4 between IG and DeepLIFT. These
small values indicate a strong agreement among the gradient-
and backpropagation-based approaches. Occlusion again
shows slightly higher distances of approximately 1.7 × 10−2,
reecting small deviations caused by its perturbation-based
mechanism. In contrast, Grad-CAM yields notably larger
distances of roughly 1.8 × 10−1 from all other methods, con-
rming its broader and less localized attribution patterns.
Overall, the consistency between IG, DeepLIFT, and Gradient-
SHAP and the divergence of Grad-CAM follow the same pattern
observed for the functional group prediction task, demon-
strating that these relationships persist across different
molecular endpoints.

Across all three case studies (Fig. 3, S4, and S5), the ve
explainability methods consistently recover chemically mean-
ingful toxicophore regions, while differing in attribution
sharpness and spatial spread. In Fig. 3 (epoxide toxicophore), all
methods clearly identify the three-membered epoxide ring as
the primary driver of toxicity. Integrated Gradients, Gradient-
SHAP, and DeepLIFT produce highly localized attributions,
concentrating almost exclusively on the oxygen atom and the
two carbons forming the strained three-membered epoxide
ring. Occlusion yields a similar pattern but with reduced
contrast between important and non-important atoms. In
contrast, Grad-CAM highlights a broader region, extending
relevance beyond the epoxide ring into the neighboring
aromatic system, suggesting a more diffuse representation of
the same toxicophore. In Fig. S4 (aliphatic halide toxicophore),
the methods consistently attribute importance to the terminal
halogen (Br) and its adjacent carbon chain. IG, SHAP, and
DeepLIFT sharply prioritize the bromine atom and the a-
carbon, aligning with the expected electrophilic reactivity of
alkyl halides. Occlusion again follows this trend but distributes
importance more evenly along the carbon chain. Grad-CAM
highlights the halogen while assigning negative contribution
to the alcohol group at the opposite end of the molecule, indi-
cating a broader contextual sensitivity. In Fig. S5 (nitroso tox-
icophore), all methods converge on the N]O functional group
as the primary driver of the prediction, with Integrated Gradi-
ents, GradientSHAP, and DeepLIFT specically localizing
importance to the oxygen and nitrogen atoms of the nitroso
group. Occlusion reproduces this pattern with slightly reduced
contrast. Grad-CAM again produces a more diffuse map,
extending relevance to surrounding atoms while still capturing
the nitroso group as the dominant signal. Overall, these exam-
ples demonstrate that while all methods reliably detect the
same toxicophore across structurally diverse molecules,
© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 2 Comparison of atom-level attribution maps for the hydroxyl group using five explainability methods: Integrated Gradients (IG), SHAP,
DeepLIFT, Occlusion, and Grad-CAM (ROC–AUC = 1). In this example, all methods highlight the hydroxyl (–OH) group as the key structural
feature contributing to the prediction, while Grad-CAM produces a broader attribution pattern that extends to neighboring atoms beyond the
hydroxyl group. The color scale encodes relative importance, with magenta indicating low-importance tokens and green indicating high-
importance tokens; attribution values were normalized to [-1, 1], such that colors reflect relative magnitude rather than the direction of
contribution.
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gradient-based methods (IG, SHAP, DeepLIFT) provide the most
precise, atom-level localization, Occlusion offers smoother but
consistent attribution, and Grad-CAM captures the correct
region with reduced spatial specicity, oen extending impor-
tance to neighboring atoms.

To investigate whether the agreement between XAI methods
is inuenced by the accuracy of the underlying model, the
model's performance was intentionally reduced in a controlled
way. A subset of training labels was randomly ipped to the
Table 2 Mean cosine distances between pairs of XAI methods for
AMES toxicity

Method pair
Method distance
(positive class)

Mean distance
(all classes)

shap/ig 0.0001 � 0.00 0.0001 � 0.00
shap/deepli 0.0008 � 0.00 0.0012 � 0.00
shap/occlusion 0.0175 � 0.02 0.0199 � 0.02
shap/gradcam 0.1761 � 0.07 0.1784 � 0.07
ig/deepli 0.0007 � 0.00 0.0011 � 0.00
ig/occlusion 0.0174 � 0.02 0.0197 � 0.02
ig/gradcam 0.1761 � 0.07 0.1785 � 0.07
deepli/occlusion 0.0171 � 0.01 0.0197 � 0.02
deepli/gradcam 0.1761 � 0.07 0.1788 � 0.07
Occlusion/gradcam 0.1712 � 0.07 0.1780 � 0.07

© 2026 The Author(s). Published by the Royal Society of Chemistry
opposite class, introducing symmetric label noise at seven levels
(0, 5, 15, 25, 35, 40, and 50% of the training set). This type of
synthetic label noise is widely used to assess the robustness of
machine-learning models and the stability of their explana-
tions.45 The chosen range applies a controlled reduction from
clean labels to substantial corruption, resulting in a gradual
decrease in ROC–AUC while ensuring that the prediction task
remains learnable and meaningful.

Fig. 4 shows how the agreement between attribution methods
changes when increasing amounts of noise (0–50%) are added to
the toxicity labels. For eachmethod pair, themean cosine distance
between their toxicity explanations is shown together with stan-
dard deviation bars. Smaller distances indicate higher similarity.
Method pairs involving GradientSHAP, Integrated Gradients, and
DeepLIFT remain highly consistent across all noise levels, while
pairs that include Grad-CAM or Occlusion show substantially
higher distances and increasingly divergent explanations as label
noise rises. The dashed line indicates the model's ROC–AUC,
which decreases with increasing noise, reecting the expected
decline in predictive performance. The apparent increase observed
at low noise levels falls within the corresponding condence
intervals obtained via bootstrap resampling and does not repre-
sent a statistically signicant improvement. In addition to the
increase in the mean cosine distances, the standard deviations
Digital Discovery
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Fig. 3 Comparison of atom-level attributionmaps for the epoxide toxicophore using five explainabilitymethods: integrated gradients (IG), SHAP,
DeepLIFT, Occlusion, and Grad-CAM (ROC–AUC = 0.85). In this example, all methods correctly highlight the epoxide ring, while Grad-CAM
highlights a broader region, extending relevance beyond the epoxide ring into the neighboring aromatic system, suggesting a more diffuse
representation of the same toxicophore. The color scale encodes relative importance, with magenta indicating low-importance tokens and
green indicating high-importance tokens; attribution values were normalized to [−1, 1], such that colors reflect relativemagnitude rather than the
direction of contribution.
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also grow with higher corruption levels, indicating that disagree-
ment between attribution methods becomes not only stronger but
also more variable across molecules. The overall trend is not
strictly linear: several method pairs show local decreases or
Fig. 4 Cosine distance comparisons for all XAI method pairs at differen

Digital Discovery
plateaus at intermediate noise levels. Such non-monotonic
behavior can occur because moderate noise does not uniformly
degrade the learned decision boundary. At certain noise levels, the
modelmay still rely on partially stable patterns ormay shi toward
t input noise levels.

© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 5 Comparison of atom-level attributionmaps for the epoxide toxicophore using five explainabilitymethods: integrated gradients (IG), SHAP,
DeepLIFT, Occlusion, and Grad-CAM (ROC–AUC = 0.66). In this example, all methods still identify the epoxide ring, but attributions are weaker
and extend to an additional carbon not part of the toxicophore, with Grad-CAM showing reduced ability to distinguish the most relevant tokens.
The color scale encodes relative importance, with magenta indicating low-importance tokens and green indicating high-importance tokens;
attribution values were normalized to [−1, 1], such that colors reflect relative magnitude rather than the direction of contribution.
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a simpler decision rule, temporarily reducing variability in the
explanations. Only at higher noise levels does the combination of
weaker predictive performance and less informative feature attri-
butions lead to consistently larger cosine distances and increased
standard deviation.

To examine how reduced model accuracy affects the result-
ing explanations, the same molecule used in the high-accuracy
(ROC–AUC 0.85) setting was analyzed with XAI methods aer
degrading performance to a ROC–AUC of 0.66 (Fig. 5). The core
attribution pattern remains detectable across methods, indi-
cating that the model still captures some aspects of the
underlying structure despite the added label noise. However,
the attributions are noticeably less condent, with both positive
and negative contribution values being substantially lower in
magnitude. In addition, a larger number of tokens are high-
lighted as important, particularly in the case of Grad-CAM,
suggesting that the model distributes relevance more diffusely
when its predictions are less reliable. Taken together, these
ndings suggest the existence of a performance-dependent
threshold below which XAI explanations lose reliability and
increasingly capture noise rather than meaningful signal.
Discussion
Impact of molecular representation on explainable AI

In this work, molecular structures are represented using SMILES
strings, rather than alternative representations such as ECFPs or
image-based encodings. This is important because XAI methods
can behave differently depending on the type of molecular
representation used. A major limitation of Extended Connectivity
© 2026 The Author(s). Published by the Royal Society of Chemistry
Fingerprints (ECFPs)46 lies in bit collisions, which occur when
multiple distinct molecular substructures are mapped to the
same bit during the ngerprint generation process. This becomes
particularly problematic in the context of XAI, where attribution
methods identify the contribution of individual bits to model
predictions. When a specic bit is considered important, it is
oen unclear which exact molecular fragment it represents, as
several may share the same bit due to collisions.47 There are ways
to reduce bit collisions or retain RDKit's bitInfo to trace atom
environments, but they are not straightforward.

Another approach is to represent molecules as 2D images for
model input, allowing the use of computer vision techniques for
explainability. This enables pixel-space attribution maps that
directly highlight relevant regions of a molecule's structure:
from individual atoms and bonds to entire functional groups,
thereby capturing both localized and higher-level chemical
features. Such image-derived explanations remain consistent
under rotations or reections of the molecular depiction.48

However, image-based approaches oen require substantially
more computational resources and large, well-annotated data-
sets to achieve comparable performance to text- or graph-based
methods. In contrast, SMILES representations are lightweight,
widely available, and efficiently processed by transformer-based
or sequence models, making them a practical choice for toxicity
datasets and explainable AI studies.
Agreement between XAI methods

Pairwise cosine distances show that the gradient-basedmethod:
Integrated Gradients (IG) and the backpropagation-based
method: DeepLIFT produce nearly identical token-level
Digital Discovery
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attributions (e.g., IG vs. DeepLIFT z 0.0026). GradientSHAP,
which combines gradient information with SHAP's perturba-
tion weighting, also aligns closely with both (SHAP vs. IG z
0.0001; SHAP vs. DeepLIFT z 0.0028), conrming overall
consistency among attribution methods that rely on model
derivatives or internal backpropagation. Occlusion, a purely
perturbation-based approach, shows slightly larger distances
(z0.03 vs. each), as expected since it measures the direct effect
of masking tokens rather than propagating internal signals. In
contrast, all comparisons involving Grad-CAM are an order of
magnitude larger (z0.33–0.36 on the positive subset and z
0.21–0.22), indicating that Grad-CAM captures systematically
different regions of importance than the other four techniques.
In general, models with higher predictive performance tend to
produce more consistent explanations across different XAI
methods. When predictions are reliable, attribution techniques
largely agree on which parts of the input are important, sug-
gesting that the model relies on stable decision patterns. As
performance decreases across the explored range, this agree-
ment gradually weakens. At the lower end of this range,
comparable to performance levels reported in the work of
Hartog et al. (for different transformer architectures from 0.64
to 0.72),12 differences between explanation methods become
more noticeable. This suggests that disagreement between XAI
methods is primarily driven by reduced model reliability rather
than by limitations of the explanation techniques themselves.

The aggregation of Grad-CAM across all convolutional layers

The Transformer-CNN uses parallel convolutional layers with
kernel sizes ranging from 1 to 20; each branch considers
a specic number of tokens at a time (from single tokens up to
20-token fragments), and their activations are concatenated
before the classier. There is no single “last” convolutional layer
whose feature maps alone summarize the model's decision-
making process. If Grad-CAM is computed on only one layer
(e.g., the last one with a lter size of 20), the explanation
becomes biased toward that length and systematically misses
evidence captured by the other layers with smaller lter sizes
that can encode functional groups or other chemically relevant
fragments shorter than 20 tokens. To reect how the model
truly forms its predictions, we compute Grad-CAM separately
for each convolutional layer and project each layer's CAM back
onto the token sequence by distributing the score of a lter
window [j, j + k), where j is the start token index and k is the lter
size (window length). We then accumulate the results across all
convolutional layers and average overlapping contributions.
The resulting token-level map is a multi-scale attribution that
incorporates all evidence the classier receives and is directly
comparable to input-level methods (IG, DeepLIFT, Gradient-
SHAP, and Occlusion) that already produce token-aligned
scores.

Grad-CAM difference from IG/DeepLIFT/SHAP/occlusion

Integrated Gradients (IG), DeepLIFT, GradientSHAP, and
Occlusion operate on the model's full architecture, attributing
the output back through all layers (convolutional, fully
Digital Discovery
connected, dropout, and highway) to the input features. For
example, IG ensures that the sum of attributions equals the
entire output difference from a baseline,28 and DeepLIFT
explicitly backpropagates contribution scores through all
neurons in the network down to every input feature.29 Grad-
CAM, on the other hand, computes importance at the level of
the convolutional layers.7 This approach yields intuitive visual
explanations quickly, but it comes at the cost of missing or
diluting features whose importance only emerges aer this
mixing. Moreover, because Grad-CAM stops before the fully
connected layers, it cannot pinpoint which exact input features
within an activated region were ultimately most important.

Additionally, Grad-CAM applies a ReLU to the weighted sum
of feature maps, intentionally discarding negative values.5,7

Input-level attributionmethods, on the other hand, preserve the
sign of their attributions, allowing both positive and negative
contributions to be expressed. For example, Integrated Gradi-
ents assigns negative importance scores to tokens that decrease
the output score and positive scores to tokens that increase it.
As a result, in the context of chemical interpretations, cosine
similarity will penalize Grad-CAM's unipolar, partially sup-
pressed map when compared to a bipolar input-level attribution
map. Even if both methods highlight the same general region as
important, Grad-CAM's attribution vector will differ from the
attribution vectors produced by input-level methods.
Explainability cliff

For some model architectures, performance does not degrade
linearly as the task becomes harder. Instead, it remains rela-
tively high up to a certain point and then suddenly drops off.
This phenomenon, known as an accuracy cliff,49 serves as an
analogy for what can also occur in the explanatory quality of
feature attributions, which we refer to as an “explainability
cliff.” The explainability cliff describes a phenomenon in which
the quality or faithfulness of a model's explanations is only
modestly degraded at rst, but once the model's accuracy falls
below a critical threshold, the explanations rapidly become
unreliable or even meaningless. Hartog et al.12 compared
explanation outputs for models ranging from random-guess
performance to moderate accuracy and found no signicant
differences in explanation quality across this range. In this
work, we focus on the previously unexplored range between
high (near-ideal) accuracy and moderate accuracy and observe
a sharp change in explanation behavior. Specically, around
a ROC–AUC of approximately 0.65 for the Ames dataset, feature
attributions become unstable, differ across explanation tech-
niques, and are more diffusely distributed. A similar trend is
observed for other endpoints (e.g., BBB permeability, Fig. S7),
although the transition is less abrupt and occurs over a broader
AUC range. This indicates that the degradation of explanation
consistency is a general phenomenon, but its location and
sharpness are task-dependent and inuenced by dataset char-
acteristics, such as the level of experimental noise, class
balance, and whether the endpoint is driven by discrete tox-
icophores or more continuous physicochemical properties.
Notably, when noise is structured rather than random, its
© 2026 The Author(s). Published by the Royal Society of Chemistry
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effects can remain localized. For example, when labels associ-
ated with a specic toxicophore were systematically altered,
attribution instability was primarily observed for that motif,
while other chemical patterns remained comparatively stable.
This suggests that, in realistic settings, loss of explanation
consistency may occur in a region-specic manner rather than
uniformly across the dataset. Below such performance regimes,
when the model has not fully captured the underlying chemical
patterns, its explanations become less consistent and less
informative.
Applications of explainable AI

Effective explainability should be both faithful (reecting
a model's true reasoning) and intelligible to humans. These
principles apply across all XAI case studies. While our work
emphasizes high predictive accuracy to support trustworthy
toxicity explanations, it is important to note that explainable AI
is also widely used for model validation, debugging, and
generating user-oriented insights that contribute to more reli-
able AI systems.

Beyond identifying which features drive predictions, XAI
methods play a central role in model development and evalua-
tion. For instance, explainability has been used as a debugging
tool: Ross et al.50 proposed regularizing neural networks using
explanation feedback, encouraging models to be “right for the
right reasons” by penalizing reliance on irrelevant features
without reducing accuracy. Similarly, feature-attribution
methods have been applied to improve robustness by gener-
ating adversarial examples through perturbations of highly
inuential features (as identied by SHAP), followed by
retraining on these challenging cases.51 Another important
application is counterfactual explanations,52 which describe
how specic changes to an input could alter a model's predic-
tion. Counterfactual explanations resemble prediction-driven
Matched Molecular Pairs, which shows a detailed map which
molecular transformations were learned or not by the respective
model.53 In chemistry, such explanations can provide actionable
insights for molecular design. For example, if a model predicts
amolecule to be toxic, a counterfactual explanationmay suggest
that removing a nitro group or reducing lipophilicity would
change the prediction to non-toxic, offering hypotheses that can
be explored in future drug design.
Conclusions

This study demonstrates that the consistency and chemical
relevance of explainable AI (XAI) methods in molecular property
prediction are dependent on the accuracy of the underlying
predictive model. Using a deterministic functional-group
annotation task, we rst showed that a high-accuracy model
yields stable and chemically correct explanations. All evaluated
XAI methods: Integrated Gradients, GradientSHAP, DeepLIFT,
Grad-CAM, and Occlusion consistently highlighted the exact
atoms forming the functional groups. Extending the analysis to
the more complex task of mutagenicity prediction, we again
observed strong agreement between methods. Each technique
© 2026 The Author(s). Published by the Royal Society of Chemistry
successfully identied known toxicophores and key scaffolds
commonly associated with mutagenic activity, while also high-
lighting chemically neighboring atoms whose roles require
further investigation. XAI should therefore be interpreted in the
context of both model performance and established chemical
knowledge, rather than in isolation.
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