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Abstract

Molecular property prediction is a crucial task that guides
the design of new compounds, including drugs and materi-
als. While explainable artificial intelligence methods aim to
scrutinize model predictions by identifying influential molec-
ular substructures, many existing approaches rely on masking
strategies that remove either atoms or atom-level features to
assess importance via fidelity metrics. These methods, how-
ever, often fail to adhere to the underlying molecular distribu-
tion and thus yield unintuitive explanations. In this work, we
propose counterfactual masking, a novel framework that re-
places masked substructures with chemically reasonable frag-
ments sampled from generative models trained to complete
molecular graphs. Rather than evaluating masked predictions
against implausible zeroed-out baselines, we assess them rel-
ative to counterfactual molecules drawn from the data distri-
bution. Our method offers two key benefits: (1) molecular re-
alism that underpins robust and distribution-consistent expla-
nations, and (2) meaningful counterfactuals that directly indi-
cate how structural modifications may affect predicted prop-
erties. We demonstrate that counterfactual masking is well-
suited for benchmarking model explainers and yields more
actionable insights across multiple datasets and property pre-
diction tasks. Our approach bridges the gap between explain-
ability and molecular design, offering a principled and gener-
ative path toward explainable machine learning in chemistry.

Code — https://github.com/gmum/counterfactual-masking
Extended version — https://arxiv.org/abs/2508.18561

Introduction
Molecular property prediction has emerged as a cornerstone
of modern drug discovery and materials science, promising
to dramatically accelerate the identification of compounds
with desired characteristics. By leveraging machine learn-
ing (ML) algorithms to predict properties such as bind-
ing affinity, toxicity, solubility, and biological activity, re-
searchers can efficiently navigate the vast chemical space
without exhaustive experimental testing (Wieder et al. 2020;
Dara et al. 2022). However, the increasing complexity of
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ML models presents a significant challenge: while deep
neural networks and ensemble methods deliver impressive
predictive performance, they often function as inscrutable
“black boxes,” offering little insight into the structural fea-
tures that drive their predictions (Biecek and Samek 2024;
Longo et al. 2024). This opacity is particularly problematic
in chemistry and pharmaceutical development, where under-
standing structure–property relationships is essential for ra-
tional molecular design, regulatory approval, and scientific
knowledge advancement. Interpretable models that can ex-
plain their predictions in chemically meaningful terms are,
therefore, not merely desirable but necessary to bridge the
gap between statistical performance and actionable scien-
tific insights (Jimenez-Luna, Grisoni, and Schneider 2020;
Wong et al. 2024).

Graph masking has emerged as a fundamental technique
for explaining molecular property predictions, serving both
as the foundation for certain explainable AI (XAI) meth-
ods and as the basis for evaluation metrics like fidelity
(Bugueño, Biswas, and de Melo 2024). By systematically re-
moving or obscuring specific atoms or substructures, mask-
ing approaches aim to quantify the contribution of each com-
ponent to the final prediction. However, conventional mask-
ing strategies suffer from critical limitations in the molecu-
lar domain. When atoms or bonds are naively masked, the
resulting structures often become chemically implausible
or physically impossible, generating examples that fall out-
side the training distribution. This out-of-distribution prob-
lem undermines the reliability of both the explanations and
their evaluation metrics. Furthermore, current masking ap-
proaches inadvertently leak information about the original
graph topology to the model—even when certain atoms are
“masked,” their structural relationships and connectivity pat-
terns remain implicitly encoded in the modified graph. This
information leakage creates a false sense of explanation
quality, as models may still leverage these implicit structural
cues rather than truly operating without knowledge of the
masked components. Thus, developing more sophisticated
masking techniques that preserve chemical validity while
effectively controlling information flow is essential for ad-
vancing trustworthy explanations in molecular ML.

Current approaches to molecular property prediction
primarily rely on post-hoc explanation methods such as
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Figure 1: Comparison of zero-feature masking and our CM method. The former strategy preserves the topology of the masked
fragment, which may lead to predictive bias. CM generates multiple fragment replacements, enabling more robust and trust-
worthy evaluation of model explanations.

gradient-based attribution, attention mechanisms, and fea-
ture importance scores (Pope et al. 2019). These techniques
attempt to highlight atoms or substructures that significantly
influence predictions, providing chemists with visual maps
of “important” molecular regions. However, conventional
explanation methods struggle to address the holistic nature
of molecular design, where virtually all components con-
tribute to functionality through precise atom arrangements.
Identifying which atoms are “important” offers limited in-
sight when the entire structure has been carefully optimized.
What chemists truly need is to understand why these struc-
tural elements matter and how they might be modified to
achieve the desired properties. This gap between highlight-
ing important features and providing actionable insights
motivates the development of counterfactual explanations,
which instead focus on answering the critical question of
what other molecular design choices would lead to a change
in chemical properties, e.g., higher potency or lower toxicity
(Gleeson et al. 2011; Guengerich 2011).

In this paper, we present counterfactual masking (CM)
for molecular graphs, a novel method designed to enhance
the explanations of ML model predictions (Figure 1). For
every key molecular fragment identified with the explana-
tion method, we generate a set of counterfactual explana-
tions that replace the original fragment. This visually illus-
trates the importance of these fragments in relation to spe-
cific properties. Our approach aims to provide clearer in-
sights into why certain molecular features contribute to pre-
dictive outcomes. The contribution of this paper can be sum-
marized as follows:
1. We introduce a new masking method for molecular

graphs that hides molecular fragments by replacing
them with a set of alternative generated fragments, en-
suring that masked molecules are valid in-distribution

molecules.
2. We use our masking technique to provide additional in-

sights for the explanation model by producing coun-
terfactual explanations that show why these structures
might be important for the model.

Related Work
Factual explanations. Factual explanation methods
for GNNs can be broadly categorized into gradient-
based, perturbation-based, surrogate-based, and self-
interpretable approaches. Gradient-based techniques,
such as CAM (Zhou et al. 2016), Grad-CAM (Selvaraju
et al. 2017), and Integrated Gradients (Sundararajan,
Taly, and Yan 2017), estimate feature relevance through
backpropagation. Perturbation-based methods, including
GNNExplainer (Ying et al. 2019) and SubgraphX (Yuan
et al. 2021), generate explanations by learning masks or
searching over subgraphs that are most influential to model
predictions. In contrast, self-interpretable GNNs attempt
to provide inherently explainable reasoning by embedding
interpretability directly into the architecture (Zhang et al.
2022). While factual methods assign importance scores to
nodes, edges, or subgraphs, they often lack mechanisms to
verify the factual correctness of the highlighted structures
on real-world datasets. Moreover, most approaches offer
limited insight into why a particular structure is deemed
important.

Counterfactual explanations. Unlike factual methods,
counterfactual explanations provide additional insight into
model predictions by showing similar instances that are pre-
dicted differently from the original (Kirilenko et al. 2024). In
chemistry, research on counterfactual methods is still limited
compared to other fields, but several methods have been pro-
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posed. Wellawatte, Seshadri, and White (2022) introduced
MMACE, a model-agnostic approach that generates coun-
terfactual examples by insertions, replacements, or deletions
in the SELFIES (Krenn et al. 2020) representation of the
compound. Numeroso and Bacciu (2021) proposed MEG,
a method employing reinforcement learning to find mini-
mal atom-level modifications that change the model predic-
tion. Other methods tweak the latent representation to sam-
ple close analogs of a compound, e.g. by using a variational
autoencoder (Wang et al. 2024). However, many counterfac-
tual methods are difficult to apply due to the discrete na-
ture of molecular graphs, and some of the methods introduce
modifications that harm synthetic accessibility and lack lo-
calization of the changes.

Generative models for structure optimization. Our
method generates replacements only in the parts of the
molecule that are predicted as important. Some methods
have been proposed for such context-constrained generative
modeling. For example, models such as DiffLinker (Igashov
et al. 2024) and DeLinker (Imrie et al. 2020) were proposed
to generate fragments between two or more molecular frag-
ments. Polishchuk (2020) introduced CReM, a method that
finds fragments in compound databases that were already
seen in the same molecular context, ensuring the synthe-
sizability of the compounds generated. Recently, Lee et al.
(2025) proposed GenMol, a textual masked discrete diffu-
sion model capable of generating linkers and scaffold deco-
rations.

Methods
Let us define a molecular graph as G = (V, E , F ), where
V is a set of nodes, E is a set of edges, and F : V → Rd

is a function that assigns features to nodes. Factual expla-
nation techniques for molecular graphs identify the atoms
that significantly affect model predictions. This can be for-
mally described by a function E : V → {0, 1} that assigns
a value of one to nodes considered crucial for the predic-
tion. We now present our CM method, which evaluates the
influence of these important fragments and offers alternative
subgraphs for complementary counterfactual explanations.

Counterfactual Masking
CM generates a set of alternative molecules by replacing
fragments identified by a factual explanation technique.

Step 1: Identification of important subgraphs. All im-
portant connected subgraphs are extracted. First, all the
nodes crucial for the prediction are identified using a fac-
tual explanation method, resulting in a set of key nodes
Vimp = {v : v ∈ V ∧ E(v) = 1}. Next, all these key nodes
and their connected edges are removed, and the remaining
graph serves as a context C for the generative methods to fill
in the missing fragments. The context should also include
attachment points A, which are nodes from C that were con-
nected to any of the removed key nodes.

Step 2: Regeneration of the removed fragments. A
generative model g is employed to replace each removed
subgraph based on the context and the attachment points,

modeling the distribution of feasible molecules p(x | C,A).
Then, CM is a set of molecules produced by drawing multi-
ple samples from the generator.

Properties of our masking method. Since CM is sam-
pled from a distribution of feasible molecules, we can eval-
uate the quality of factual explanations by comparing the
original prediction with the average case from that distribu-
tion rather than using artificially zeroed-out features. In the
case of classification, we can present molecules that are pre-
dicted to be in a different class as counterfactual examples.

Generative model. As a generative model for fragment
replacement, we use two different approaches. One is based
on the CReM algorithm, which uses fragments extracted
from the ChEMBL database. In this approach, only frag-
ments that were already seen in the same atom context can
be used, thus increasing the synthetic accessibility of the
generated replacements. In this case, the entire molecular
ring is replaced if any atom within it is found to be influen-
tial because CReM does not operate on partial rings.

Another generative method used is DiffLinker, a diffusion
model that produces a linker between fragments placed in
3-D space, trained on the ZINC dataset (Irwin and Shoichet
2005). In this method, the input molecules are embedded
in 3-D space by applying a force field method to generate
a stable conformation of a molecule. This ensures that the
generated fragment replacement occupies a similar amount
of space between fragments being connected. A consider-
able disadvantage of this method is that the diffusion model
works at the atomic level, sometimes resulting in molecules
that are unsynthesizable or even invalid.

Common Substructure Pair Dataset
To evaluate the performance of masking methods, we in-
troduced a new dataset. Starting with the Solubility dataset
(Sorkun, Khetan, and Er 2019) from the Therapeutics Data
Commons (TDC) collection (Huang et al. 2021), we ap-
plied BRICS decomposition (Degen et al. 2008) to frag-
ment each molecule into chemically meaningful substruc-
tures. These substructures were then used to query the Pub-
Chem database (Kim et al. 2024) to identify larger molecules
(superstructures) in which each substructure appears as a
subgraph. For each source fragment, multiple matching su-
perstructures were identified, resulting in a dataset of 881
pairs of the form (source fragment, superstructures). On av-
erage, each source fragment is associated with 52 chemically
distinct superstructures.

Results
In this section, we first demonstrate that the widely used
masking technique of zeroing features is flawed and our
masking strategy resolves this issue. Next, we show the util-
ity of our method in producing counterfactual explanations.
CM is then used to benchmark XAI techniques. We conclude
by discussing the limitations of our method.

Enhanced Atom Masking Strategy
Masking is commonly used for creating or evaluating graph-
based explanation methods. However, current masking tech-
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Single Anchor Multiple Anchors Combined

Masking |∆ŷ| ↓ Validity ↑ Size ↑ |∆ŷ| ↓ Validity ↑ Size ↑ |∆ŷ| ↓ Validity ↑ Size ↑
No masking 2.81 100% 517 2.52 100% 638 2.91 100% 783
Feature zeroing 2.08 100% 517 1.60 100% 638 1.80 100% 783
CM (CReM) 1.68 88% 454 1.32 53% 341 1.72 65% 510
CM (DiffLinker) 1.81 67% 347 1.59 61% 386 1.55 65% 508

Table 1: The effectiveness of masking methods in preventing information leakage from the masked subgraph. The difference in
predictions (|∆ŷ|) should be close to zero when only the common subgraph is retained, while the rest of the molecule is masked.
Results are shown for three scenarios: single anchor (a non-shared fragment between the two molecules has one attachment
point to the common substructure), multiple anchors (the fragment has more than one attachment point), and combined (the
fragment can have one or more attachment points). Examples of molecules for each scenario are provided in Appendix B.

Figure 2: t-SNE visualization of molecular embeddings comparing the test set distribution with molecules containing parts
masked by various methods. Wasserstein distances quantify the distributional divergence from the test set reference distribution.

niques, such as feature zeroing, often produce samples out-
side the training distribution and may reveal information
about the original graph topology. In this section, we ex-
amine our CM approach in which masked fragments are re-
placed with chemically plausible alternatives. We compare
this method to the traditional feature zeroing baseline, where
all node features within the masked fragments are set to zero.

Setup. To assess the effectiveness of various masking
techniques, we used the common substructure pair dataset
described in the Methods section. For each substructure,
we selected a pair of superstructures that show the great-
est difference in solubility predictions from a GNN re-
gression model described below. In each pair, we masked
the molecular fragments that were not shared between the
two molecules and measured the resulting difference in the
model’s predictions. An ideal masking technique should
completely obscure the masked fragment, resulting in iden-
tical predictions for both molecules in the pair.

Model. As the regression model, we used a Graph Isomor-
phism Network (GIN) (Xu et al. 2019) with three layers,
each with a hidden size of 512. Global mean pooling was
used to aggregate node features. The model was trained for
300 epochs with a batch size of 64 using the Adam opti-
mizer and mean squared error (MSE) loss. During training,
a dropout rate of 30% was applied.

Metrics. We used three metrics to evaluate the perfor-
mance of each masking method. |∆ŷ| measures the abso-
lute difference in predicted values between two molecules
sharing the same substructure. Validity is the percentage
of molecular pairs for which the method generates valid
masked molecules. Size is the total number of pairs to which
the method can be successfully applied.

Results. Table 1 compares the CM approach using two
generators with the baseline that sets the features of masked
nodes to zero. All masking methods reduce prediction dif-
ferences compared to unmasked pairs, with CM consis-
tently outperforming the baseline in all three scenarios.
CReM sampling produces the lowest prediction difference
in two scenarios, while DiffLinker performs best in the com-
bined scenario. However, CM depends on generative mod-
els, which may not always produce valid fragments, whereas
feature zeroing provides complete coverage of the dataset.

Figure 2 displays the distribution of molecular embed-
dings from the single anchor part of the dataset (for other
scenarios, see Appendix B) after masking, compared to the
test set of the solubility dataset. Since the test set is ran-
domly sampled, it reflects the training data distribution. Em-
beddings of molecules masked with CM align more closely
with this training distribution than those masked with fea-
ture zeroing, as evidenced by lower Wasserstein distances,
especially for the CReM model. Feature zeroing often yields
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Figure 3: Comparison of counterfactual examples generated
via MMACE and CM (CReM). The initial model prediction
indicated that the original molecule is a hERG blocker.

molecules outside the training distribution, reducing predic-
tion and explanation reliability. This occurs because zero-
masked features provide the model with misleading in-
formation about atomic properties, frequently representing
chemically invalid molecules. In contrast, CM provides a
more robust and chemically grounded comparison by con-
trasting the original molecule’s prediction with the average
prediction of chemically plausible alternatives, offering a
meaningful measure of the influence of masked molecular
fragments.

Counterfactual Explanations
Although originally designed for masking tasks, CM can
effectively generate realistic, chemically valid counterfac-
tual examples by ensuring molecules stay within the data
distribution. It also enables targeted local modifications
to specific fragments, improving interpretability by offer-
ing insights into how substructure changes affect predicted
classes.

Dataset. To evaluate counterfactual explanations, we used
three binary classification datasets from TDC: prediction
of inhibition of cytochrome P450 enzymes CYP3A4 and
CYP2D6, and hERG channel blockage (hERG), a key car-
diotoxicity indicator (Karim et al. 2021). We trained a GIN
classification model using 80% of each dataset, while the
remaining 20% was reserved for counterfactual generation.

Explained model. To predict molecular properties, we
used a GIN model with three layers, each with a hidden
size of 512. Global mean pooling was applied to aggregate
node features. The model was trained for 300 epochs with
a batch size of 16, using the Adam optimizer and binary
cross-entropy loss. During training a dropout rate of 30%
was applied and early stopping was used if the validation
performance had not improved in the last 20 epochs.

Counterfactual models and baselines. To generate coun-
terfactuals using the CM approach, we first applied Grad-
CAM to identify the top 20% most important atoms in the

molecule. These atoms were then replaced with new frag-
ments using either the CReM or DiffLinker framework to
produce counterfactual examples. After generation, post-
hoc filtering was applied to select alternative molecules that
successfully changed the prediction class. From these, a
subset was selected to maximize similarity to the original
molecule while maintaining diversity among the already se-
lected counterfactuals. The first example was chosen based
on its highest similarity to the original sample, and subse-
quent counterfactuals were selected by balancing similarity
to the original with diversity relative to those already chosen.

As baseline methods for counterfactual generation, we
used GNNExplainer and Nearest Neighbor (NN). For GN-
NExplainer, counterfactuals were generated by removing the
top 10% of nodes identified as the most influential. For the
NN method, counterfactuals were defined as the most struc-
turally similar molecules from the training set that belong to
the opposite prediction class. Additionally, we benchmarked
our approach against MMACE, which produces counterfac-
tuals by performing up to two targeted structural modifi-
cations (deletion, replacement, or insertion) to the original
molecule.

Metrics. We evaluated counterfactual generation using
five metrics. Before success rate (BSR) measures the pro-
portion of generated molecules that change the prediction
class before any filtering is applied, while success rate mea-
sures this proportion after filtering. Similarity indicates the
average similarity between the original molecule and the
filtered counterfactuals, calculated using the Tanimoto dis-
tance between molecular fingerprints. Diversity captures the
variation among the generated counterfactuals, based on the
Tanimoto distance between their fingerprints. Finally, syn-
thetic accessibility (SA) evaluates the average ease of syn-
thesizing the filtered counterfactuals and reflects their prac-
tical usability in real-world laboratory settings. A lower SA
score indicates more realistic and accessible counterfactuals.

Results. The performance of counterfactual generation
methods is summarized in Table 2. Before filtering, the
NN baseline shows the highest success rate, as it directly
searches for molecules that change the prediction class.
Among generative methods, CM (DiffLinker) achieves the
highest rate of class changes in two out of three datasets. Af-
ter filtering, all methods except GNNExplainer, which pro-
vides only one counterfactual per instance, reach a success
rate of 100%. MMACE generates the most similar and di-
verse molecules, as it is explicitly optimized for these met-
rics. However, CM (CReM) remains close in both statistics
in all tested datasets while maintaining a lower synthetic
accessibility score. MMACE frequently produces chemi-
cally implausible molecules, leading to higher synthetic ac-
cessibility scores, as illustrated in Figure 3. The only ex-
ception is the NN baseline, which exhibits greater diver-
sity than both because of its larger distance from the orig-
inal molecules in chemical space. Overall, combining Grad-
CAM with CM (CReM) offers effective counterfactuals, on
par with MMACE, but with improved synthesizability.

Figure 3 displays counterfactuals generated by MMACE
and CM (CReM) for a hERG inhibitor. The top 20% most
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Dataset Method BSR ↑ Success Rate ↑ Similarity ↑ Diversity ↑ SA ↓

CYP
3A4

GNNExplainer 0.16± 0.04 0.16± 0.04 0.33± 0.00 0.00± 0.00 3.67± 0.04
NN 1.00± 0.00 1.00± 0.00 0.37± 0.00 0.66± 0.00 2.53± 0.01

MMACE 0.27± 0.00 1.00± 0.00 0.60± 0.01 0.52± 0.01 3.34± 0.02
CM (CReM) 0.21± 0.01 1.00± 0.00 0.52± 0.04 0.46± 0.04 2.71± 0.08
CM (DiffLinker) 0.41± 0.02 1.00± 0.00 0.41± 0.05 0.41± 0.01 3.91± 0.18

CYP
2D6

GNNExplainer 0.10± 0.10 0.10± 0.10 0.35± 0.05 0.00± 0.00 3.62± 0.19
NN 1.00± 0.00 1.00± 0.00 0.32± 0.00 0.68± 0.00 2.53± 0.02

MMACE 0.18± 0.00 1.00± 0.00 0.52± 0.00 0.57± 0.00 3.45± 0.03
CM (CReM) 0.08± 0.00 1.00± 0.00 0.44± 0.01 0.49± 0.01 2.79± 0.04
CM (DiffLinker) 0.15± 0.02 1.00± 0.00 0.46± 0.01 0.38± 0.02 3.91± 0.16

hERG

GNNExplainer 0.21± 0.06 0.21± 0.06 0.31± 0.08 0.00± 0.00 4.20± 0.05
NN 1.00± 0.00 1.00± 0.00 0.30± 0.02 0.67± 0.02 3.14± 0.09

MMACE 0.39± 0.02 1.00± 0.00 0.65± 0.01 0.48± 0.01 3.69± 0.02
CM (CReM) 0.30± 0.07 1.00± 0.00 0.51± 0.03 0.47± 0.04 3.10± 0.09
CM (DiffLinker) 0.61± 0.07 1.00± 0.00 0.41± 0.01 0.48± 0.01 3.63± 0.14

Table 2: Counterfactual evaluation metrics. The numbers in the table represent mean ± s.d. BSR refers to the success rate before
filtering generated molecules, while SA represents synthetic accessibility, with lower scores indicating easier synthesis.

influential atoms identified by Grad-CAM point to a proto-
nated tertiary amine, a common structural feature of hERG
blockers (Garrido et al. 2020). MMACE often generates
molecules that cannot exist in nature, such as those contain-
ing a triple bond within a ring. In contrast, CM (CReM) cre-
ates chemically plausible, targeted modifications. For exam-
ple, CReM replaces a positively charged tertiary amine with
neutral groups, potentially reducing hERG inhibition risk by
limiting interactions with aromatic amino acids. Additional
examples can be found in the Appendix C.

Improved Benchmark of XAI Methods
In the widely used fidelity metric, the predictions are made
for the original graph and the graph with masked important
atoms. Then, the difference in accuracy can be measured to
assess the robustness of the explanation method. However,
masking atom features with zeros creates out-of-distribution
molecular graphs, which do not accurately reflect the im-
portance of these atoms. The messages in such graphs can
still be passed through masked nodes in graph neural net-
works. It is thus desirable to be able to evaluate explainers
with alternative masking methods, and our generative coun-
terfactual approach addresses this necessity. CM can be used
to measure the quality of the factual explanation.

Datasets and models. We used five publicly available
datasets from the TDC. Three datasets were for binary
classification tasks: CYP2D6, CYP3A4, and hERG; two
were for regression tasks: predicting Lipophilicity and Sol-
ubility in water. As a preprocessing step, molecules were
stripped of ions, and molecules with fewer than five heavy
atoms were removed. We evaluated six distinct graph neu-
ral network architectures and regularizations: three vari-
ants of the Graph Isomorphism Network (GIN): large GIN
(2,648,065 parameters trained at 30% dropout); medium
GIN (170,497 parameters at 15% dropout), and small GIN
(11,905 parameters, no dropout), one GIN model with addi-
tional edge attributes (106,189 parameters at 10% dropout),

one GIN model with residual connections (56,577 param-
eters at 10% dropout), and one Graph Attention Network
model (Veličković et al. 2018) (3 attention heads, 176,385
parameters at 10% dropout). A detailed definition of the
model architectures is presented in the Appendix A. For
each dataset and model architecture, we performed three
independent trainings. In each training, the data was ran-
domly split into training (75%), validation (10%), and test
(15%) sets. Models were trained using the Adam optimizer
with an initial learning rate of 3 × 10−4 and a batch size of
64 molecules. The learning rate was reduced by a factor of
0.85 every 10 epochs. Binary cross-entropy and smooth L1
were used as loss functions for classification and regression
tasks, respectively. Training was carried out for a maximum
of 300 epochs, with an early stopping condition that termi-
nated training if the validation loss did not improve for 50
consecutive epochs. In this way, for each of the five chemical
datasets, we obtained 18 trained models and corresponding
test sets.

Experimental setup. For each combination of masking
techniques and datasets, we used five explainability meth-
ods to identify the atoms most responsible for a specific pre-
diction: Grad-CAM, Integrated Gradients, GNNExplainer,
saliency map, and, as a baseline, random assignment. For
each molecule, we determined two distinct sets of atoms:
the top 10% that most strongly increased the predicted value
and, separately, the top 10% that most strongly decreased
it. GNNExplainer was configured to run 100 iterations and
mask node attributes, with the influence direction deter-
mined by an auxiliary Grad-CAM assessment. The influen-
tial atoms identified were then masked using one of three
techniques: (1) CM (CReM), (2) CM (DiffLinker), or (3)
simple atom feature ablation (setting features to zero).

To ensure the validity of our analysis, we first filtered
the generated molecules. When the new, replacement atoms
were indicated by an explainer as contributing to the predic-
tion in the same direction but to an even greater extent than

22160



Masking
method

Explanation
method

Dataset

CYP 2D6 CYP 3A4 Lipophilicity Solubility hERG

Feature zeroing

Grad-CAM 84± 13% 79± 23% 84± 17% 76± 23% 79± 21%
Integrated Gradients 76± 13% 84± 14% 81± 17% 77± 12% 70± 17%
GNNExplainer 62± 22% 58± 35% 55± 41% 56± 32% 56± 38%
Saliency 56± 19% 63± 31% 60± 30% 52± 25% 53± 31%
Random 50± 16% 50± 26% 50± 27% 50± 19% 50± 30%

CM (DiffLinker)

Grad-CAM 56± 28% 59± 21% 56± 38% 55± 36% 54± 40%
Integrated Gradients 53± 30% 54± 24% 54± 39% 54± 40% 53± 37%
GNNExplainer 52± 28% 52± 24% 51± 36% 52± 38% 51± 41%
Saliency 50± 30% 49± 23% 52± 38% 51± 39% 50± 39%
Random 50± 28% 50± 24% 50± 37% 50± 39% 50± 39%

CM (CReM)

Grad-CAM 71± 10% 72± 13% 76± 14% 63± 21% 72± 16%
Integrated Gradients 52± 13% 56± 17% 61± 12% 68± 14% 54± 21%
GNNExplainer 60± 14% 59± 21% 57± 28% 52± 30% 58± 21%
Saliency 51± 12% 53± 19% 53± 17% 49± 24% 51± 18%
Random 50± 13% 50± 18% 50± 22% 49± 28% 50± 22%

Table 3: Consistency of masking methods and explanation methods. The numbers in the table represent mean ± s.d. of consis-
tency scores, which are the percentage of times that CM of influential atoms (as identified by an explainer) caused the model’s
prediction to change in the expected direction. A higher score within each masking method means the explainer is more effec-
tive and reliable under this masking strategy. A score of 50% is the random baseline, indicating no better than chance.

the original atoms, the generated molecule was discarded.
In this way, the remaining molecules were expected to have
their most influential atoms masked counterfactually, mean-
ing that the masked region’s original influence has been at-
tenuated or reversed. This selection procedure was applied
to molecules generated by all three masking techniques. We
then assessed whether masking influential atoms led to the
expected change in the model’s overall prediction. We calcu-
lated a consistency score, defined as the proportion of coun-
terfactually masked molecules where the property prediction
changed in the direction anticipated by the explainer (e.g.,
the prediction decreased after masking atoms identified as
increasing the value). This consistency score was calculated
for 3 independent data splits × 6 model architectures × 2
directions of the change in a predicted molecular property.

Benchmark results. Table 3 reports the aggregate statis-
tics for consistency scores, summarizing the results from ev-
ery combination of the 5 (test) datasets, 5 explanation meth-
ods, and 3 masking techniques. Statistics are computed for
300 randomly selected molecules from each test dataset. De-
tailed results for separate models are provided in the supple-
mentary tables in the Appendix D.

Across all five datasets, the combination of the Grad-
CAM explainer with the standard masking by feature ze-
roing consistently yields the highest average consistency
scores (ranging from 76% to 84%). However, it should
be remembered that this method masks atom features but
leaves the graph structure intact, potentially leaking in-
formation and inflating consistency scores. CReM, acting
through molecular replacement under more stringent chem-
ical requirements, still achieves strong consistency scores,
particularly with Grad-CAM (ranging from 63% to 76%).
These results are well above the 50% random baseline (and

above the results for DiffLinker), demonstrating that CReM
effectively creates meaningful counterfactuals that validate
the explainer’s output. A qualitative example of compound
solubility analysis and explanation method evaluation using
CM is provided in Appendix E.

Limitations
Although CM brings chemical realism to XAI model eval-
uation, it has important limitations that should be addressed
in future research. One significant limitation is the validity
of molecules generated by current models conditioned on
molecular fragment context. CReM struggles to fill in frag-
ments with more than two attachment points. Conversely,
DiffLinker can even complete partial rings but often fails to
produce chemically feasible molecules. Because sampling
multiple compounds from generative models is necessary,
CM also demands more computational resources for model
evaluation.

Conclusions
In this paper, we introduced CM, a method that combines
factual explanation techniques for molecular graphs with
structure-conditioned generative models to generate a set of
counterfactual examples. This approach improves the evalu-
ation of XAI methods for molecular property prediction by
creating molecules with fragment replacements that serve as
better references than masked molecules with artificially re-
moved nodes or features. Additionally, we demonstrate how
CM can be used as a counterfactual explanation technique
that performs precise, local replacements of fragments es-
sential for the model’s prediction. We hope that our method
will advance the development of more effective XAI meth-
ods and accelerate molecular design workflows.
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