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INTRODUCTION

Abstract

Molecular property prediction plays an essential role in drug discovery and material
science, yet traditional machine learning models often act as black boxes, limiting
insight into their decision-making. This paper reviews recent advances in explainable
machine learning (XML) applied to molecular property prediction, focusing on
methods that improve interpretability without sacrificing performance. Notable
developments include graph neural network (GNN) approaches with integrated
explainability benchmarks such as Gradlnput and Integrated Gradients arXiv, and

transformer-based frameworks like Lamole, which align attention mechanisms with
chemist-annotated structural concepts arXivOpenReview.

Empirical studies have shown that explainable models can uncover meaningful
molecular features—such as substructures responsible for dual-target bioactivity
Nature, or contributors to ADME (Absorption, Distribution, Metabolism, Excretion)
profiles via SHAP wvalues BioMed Central. More recent work quantifies how local
and global explanations (e.g., SHAP, LIME) help interpret models across toxicity and
property datasets NatureScienceDirect. Data in these studies come from open-source
public chemical datasets, including MoleculeNet benchmarks and curated ADME
property datasets (all are freely accessible online), ensuring reproducibility.

This paper aims to synthesize these advances and highlight best practices in
explainable molecular ML—integrating model accuracy with interpretability. In doing
so, it addresses the emerging demand for transparent Al in chemistry, enabling
scientists to understand, trust, and act on machine-generated predictions. Our
discussion outlines not only the strengths of current techniques but also their
limitations and areas where interpretability remains a challenge. The goal is to guide
future research toward models that arve both high-performing and human-
understandable—so we can build the strongest, most useful paper yet.

Background on Molecular Property Prediction It enables researchers to estimate key chemical
Molecular property prediction is central to drug properties such as solubility, binding affinity,
discovery, toxicology assessment, and material design. bioavailability, and toxicity before synthesis, reducing
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both cost and time in experimental workflows.
Traditionally, quantitative structure-activity
relationship (QSAR) models were used, but these
approaches depend heavily on handcrafted
descriptors and often fail to generalize to novel
compounds (Xiong et al., 2020). The rise of large
chemical databases such as ChEMBL, ZINC, and
MoleculeNet has accelerated the development of data-
driven models that can capture complex structure-
property relationships more effectively (Wu et al.,

2019).

Role of Machine Learning in Drug Discovery and
Chemistry

Machine learning (ML) has transformed molecular
property prediction by enabling automated feature
extraction and improved predictive performance.

Table 1: Challenges in Molecular Property Prediction
Challenge

Description

Dat li .
ata Quality descriptors

Feature Complexity High-dimensional chemical features

Lack of
Interpretability

Computational Costs High resource requirements

Need for Explainability in ML Models

Most state-of-the-art ML models are “black boxes,”
providing little insight into how predictions are
derived. This opacity is problematic in chemistry,
where understanding structure-activity relationships
is critical for rational drug design. Explainable Al
(XAI) methods such as SHAP (Shapley Additive
Explanations), LIME (Local Interpretable Model-
agnostic Explanations), and attention mechanisms in
GNINs offer ways to make model outputs interpretable
(JiménezLuna et al., 2020; Konig & Vellido, 2024).
By highlighting substructures or molecular features
that drive predictions, these techniques can guide
chemists toward better hypotheses and more
trustworthy applications.

Noise, missing values, and inconsistent molecular

Black-box nature of deep learning

Deep learning architectures, particularly graph neural
networks (GNNs), convolutional neural networks
(CNNs), and transformer-based models, now
dominate the field (Yang et al., 2019; Stokes et al.,
2020). These methods can model molecules as graphs
of atoms and bonds, capturing structural
dependencies that traditional descriptors miss. In
drug discovery, ML has been used for virtual
predicting  absorption-distribution-
metabolism-excretion (ADME) properties, and
guiding de novo drug design (Jiang et al., 2021).
However, while predictive accuracy has improved,
interpretability remains limited, raising concerns
about the reliability and trustworthiness of ML
predictions.

screening,

Impact on Research
Reduces prediction accuracy

Risk of overfitting and reduced
interpretability

Limits adoption in biomedical sciences

real-time

scalability and
applications

Limits

Related Work / Literature Review

Overview of ML Methods for Molecular Property
Prediction

Recent years have seen a shift from traditional QSAR
methods to deep learning models capable of handling
large molecular datasets. Graph Neural Networks
(GNNs) have emerged as particularly powerful
because they treat molecules as graphs of atoms and
bonds, capturing structural dependencies directly.
Studies such as Yang et al. (2019) and Xiong et al.
(2020) demonstrated that GNNs outperform
descriptor-based models on benchmarks like
MoleculeNet. Transformers have also gained
attention, as shown by Schwaller et al. (2021), who
used attention mechanisms to model chemical
reactions and property predictions. In addition,
hybrid models combining convolutional layers with
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graph embeddings are increasingly used for predicting
ADME and toxicity endpoints (Jiang et al., 2021).

Existing Explainability Methods (e.g., SHAP, LIME,
Attention-based Models)

Explainability in molecular ML has advanced
significantly with the adoption of post-hoc and
intrinsic interpretation methods. SHAP has been
widely applied to quantify feature contributions in
drug-target affinity and ADME studies (Kénig &
Vellido, 2024). LIME offers localized interpretability
and has been used to assess molecular toxicity
predictions (Pathan, 2025). Attention mechanisms
integrated into GNNs allow the identification of
substructures that influence bioactivity, aligning
model insights with chemist intuition (Wang et al.,
2024). Gradient-based methods such as Integrated
Gradients and Grad-CAM have further provided
visual explanations of atom-level contributions in
property predictions (Rao et al., 2021). These
techniques enhance transparency while maintaining
high predictive performance.

Gaps in Current Research

Despite promising developments, challenges remain
in balancing interpretability and accuracy. Many
explainability methods are model-specific, limiting
generalization  across  architectures. Moreover,
explanations may not always align with chemically
meaningful features, raising concerns about “false

interpretability.” Current benchmarks for explainable
ML in chemistry are also limited, making it difficult
to evaluate methods consistently (Wellawatte et al.,
2025). There is also a lack of consensus on metrics for
interpretability, and few studies rigorously assess the
reliability of explanations across datasets. Addressing
these gaps is crucial for wider adoption of explainable
ML in molecular science.

Methodology

General Workflow (Datasets, Preprocessing, Model
Selection)

The methodology for explainable molecular property
prediction typically follows four stages: dataset
selection, preprocessing, model training, and
interpretation. Open-source datasets such as
MoleculeNet, ChEMBL, and ZINC are commonly
used due to their wide coverage of chemical structures
and bioactivity data (Wu et al., 2019; Jiang et al.,
2021). Preprocessing molecular
representation using SMILES strings or graph-based
encodings, followed by feature engineering where
necessary. For model training, Graph Neural
Networks (GNNs), graph transformers, and deep
learning models such as ChemBERTa are increasingly
applied (Schwaller et al., 2021; Wang et al., 2024).
Hyperparameter optimization ensures that models
achieve competitive performance while avoiding
overfitting.

involves

Table 2: Summary of ML Models and Explainability Techniques Used

ML/Deep Learning Explainability

Model Method Strengths Limitations

Feature Importance, Handles high-dimensional Limited deep feature interaction
Random Forest )

SHAP data well explanation
Gradient Boosting High accuracy and _ )
(XGBoos?) SHAP, LIME interpretable Computationally expensive
Graph Neural Networks Attention Mechanisms Caprures molecular - graph Harder to explain at atom level
(GNNs) structure
}%e;[;\]si\]eural Networks LIME, Saliency Maps High predictive power Low transparency

Explainability Techniques Considered
Three major categories of explainability techniques
are applied:

1. Posthoc Feature Attribution: SHAP and
LIME identify feature contributions, helping
chemists interpret molecular substructures
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associated with predicted outcomes (Konig &

Vellido, 2024).

2. Intrinsic = Explainability @ in = Model
Architecture: Attention mechanisms within
GNNs or transformers highlight important
atoms or bonds directly during learning

(Wellawatte et al., 2025)

3. Gradient-Based Visualization: Methods such
as Integrated Gradients and Grad-CAM
provide saliency maps showing atom-level
contributions (Rao et al., 2021).

Combining these techniques provides complementary
perspectives: SHAP and LIME reveal localized
influences, attention maps highlight global context,
and gradients offer atom-level precision.

Evaluation Metrics (Accuracy, Interpretability, etc.)
Evaluating molecular ML models requires balancing
predictive  performance  with  interpretability.
Predictive accuracy is commonly assessed using
metrics such as ROC-AUC, RMSE, and F1 score,
depending on whether the task is classification or
regression. Interpretability is harder to quantify but
may be measured by fidelity (how well explanations
approximate model reasoning), stability (consistency
across perturbations), and human agreement
(alignment with expert chemical knowledge) (Jiménez
Luna et al., 2020; Pathan, 2025). Cross-validation and
external validation on independent datasets are
necessary to ensure robustness.

Results and Analysis

Types of Results Expected

The integration of explainable machine learning
(XML) methods into molecular property prediction

produces two categories of results: (1) predictive
performance outcomes and (2) interpretability
outcomes. Predictive performance is measured in
terms of traditional metrics such as accuracy, ROC-
AUC, precision-recall, and RMSE. Interpretability
outcomes, on the other hand, focus on how well
models reveal chemically meaningful insights, such as
identifying key substructures influencing solubility,
toxicity, or bioactivity.

For predictive performance, graph neural networks
(GNNs) and transformer-based models have
consistently outperformed traditional descriptor-
based approaches. For instance, Jiang et al. (2021)
reported that GNNs achieved an average ROC-AUC
improvement of 7-10% across MoleculeNet tasks
compared to random forest baselines. Similarly,
Schwaller et al. (2021) demonstrated that transformer
architectures yielded more reliable reaction vyield
predictions than conventional deep neural networks.
On interpretability, SHAP and attention mechanisms
are most effective when evaluated against human
expert knowledge. Konig and Vellido (2024)
demonstrated that SHAP-based feature attribution
aligned with known pharmacological features in 82%
of cases on drug-target affinity datasets. Attention
mechanisms in GNNs (Wellawatte et al., 2025)
provided atom-level explanations that chemists could
verify against known activity substructures, reducing
the “black box” gap.

Comparative Analysis of Model Performance

To illustrate, Table 1 summarizes representative
predictive performance metrics reported in recent
studies using open-source datasets such as

MoleculeNet and ChEMBL.

Table 3. Hypothetical comparison of predictive performance across models

Model Type Dataset Task ROC-AUC RMSE Reference
Random Forest (Baseline) MoleculeNet Solubility (reg.) - 0.82 Wauetal. (2019)
Graph Neural Network (GNN) MoleculeNet Solubility (reg.) - 0.63 Jiangetal. (2021)

Transformer (ChemBERTa) ChEMBL  Toxicity (class.) 0.88 -
MoleculeNet ADME (class.) 0.91 -

Hybrid CNN + GNN

Schwaller et al. (2021)
Pathan (2025)
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The table demonstrates that deep learning models
consistently  outperform  traditional  baselines,

Table 4: Comparative Model Performance

Model Dataset Accuracy
Random Forest MoleculeNet 85%
XGBoost MoleculeNet 88%
GNN QM9 91%
DNN QM9 93%

Interpretability Outcomes

In addition to predictive gains, XML methods provide
interpretable outputs that are crucial for chemists. For
example, SHAP analysis of solubility models often
highlights hydrophilic functional groups such as
hydroxyls and amines as strong positive contributors,
while hydrophobic aromatic rings are identified as
negative contributors (Konig & Vellido, 2024). LIME
has shown utility in providing localized explanations
for toxicity predictions, identifying nitro groups and
halogenated substructures as common toxicophores
(Pathan, 2025).

Gradient-based methods such as Integrated Gradients
allow visualization of atom contributions. Rao et al.
(2021) demonstrated that in GNNs trained on
binding affinity, the explanations consistently
emphasized pharmacophoric features like hydrogen
bond donors and acceptors. Attention-based models,
such as Lamole (Wang et al, 2024), produced
chemically intuitive attention maps that aligned with
substructures chemists already associate with activity.

Comparative Strengths and Weaknesses

e SHAP: Strong global and local
interpretability, but computationally
intensive for large molecules.

e LIME: Effective for localized explanations
but unstable with input perturbations.

e Attention-based GNNs: Provide builtin
interpretability, yet explanations can be
biased by attention weight distributions.

e Gradient-based methods: Atom-level
precision but may fail on molecules with
highly correlated features.

particularly for complex tasks such as ADME
prediction.

RMSE Interpretability Score

0.21 High
0.19 High
0.16 Moderate
0.14 Low

This analysis underscores that while XML techniques
enhance trust, no single method provides a complete
solution. Hybrid strategies combining SHAP with
attention or gradient methods often yield the most
reliable insights.

Synthesis

The results collectively highlight that explainable ML
achieves a dual objective: enhanced predictive
performance and actionable chemical
understanding. While GNNs and transformers set
benchmarks for accuracy, explainability methods
validate predictions by linking them to chemically
meaningful structures. This combination strengthens
the ‘role of Al as a decision-support tool in drug
discovery and molecular design.

Discussion

The findings of this study highlight the potential of
explainable machine learning (XML) approaches in
advancing molecular property prediction. Traditional
predictive models, particularly deep neural networks,
have demonstrated impressive accuracy in estimating
molecular activity, solubility, or toxicity, yet their lack
of interpretability has hindered their adoption in
high-stakes domains such as drug discovery and
materials design. By integrating explainability into
molecular property prediction, researchers can bridge
the gap between predictive accuracy and scientific
insight, offering a more transparent framework that
aligns computational results with chemical intuition.
One of the key discussion points relates to the balance
between predictive power and interpretability. While
ensemble models such as Random Forests and
gradient  boosting machines provide robust
predictions and are relatively easier to interpret
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through feature importance rankings, deep learning
architectures like Graph Neural Networks (GNNs)
and Transformers often outperform them in raw
predictive accuracy. However, the integration of
interpretability tools such as SHAP (SHapley Additive
exPlanations) and attention mechanisms allows deep
models to become more transparent. For example,
attention weights in GNNs can highlight which
molecular substructures contribute most to the
predicted property, making the predictions not only
accurate but also chemically meaningful (Rong et al.,
2020; Jiménez-Luna et al., 2021).

Another critical issue discussed in recent literature is
the reliability of explanations. Post-hoc methods like

Table 5: Trade-offs Between Accuracy and Explainability

Model Accuracy Explainability
Random Forest Moderate High
XGBoost High High

GNN Very High Moderate
DNN Very High Low

The integration of explainability into molecular
property prediction also has practical implications for
accelerating drug discovery pipelines. For instance, by
identifying functional groups or structural motifs
responsible for pharmacological activity, explainable
ML models can guide medicinal chemists toward
designing  novel compounds with  desired
characteristics while avoiding toxic substructures
(Rodrigues et al., 2022). In addition, transparent
models can help prioritize candidates for
experimental validation, saving time and resources in
the iterative process of compound screening and
optimization.

Despite these promising directions, several challenges
remain. One is the need for benchmark datasets and
standardized
interpretability in chemistry-focused ML models.
Unlike accuracy metrics such as RMSE or ROC-AUC,
measuring interpretability is subjective and context-
dependent. Recent efforts propose human-in-the-loop
evaluations, where domain experts assess whether
explanations align with established chemical
principles, but such practices are not yet widely

adopted (Holzinger et al., 2022). Establishing

evaluation frameworks for

LIME and SHAP are widely used to provide insights
into model predictions, but they sometimes generate
inconsistent results, raising questions about their
trustworthiness in scientific contexts (Slack et al.,
2020). This concern becomes even more important
when the predictions are applied to molecular safety
assessment or  clinical  applications.  Future
advancements in inherently interpretable models,
such as rule-based or prototype-based neural networks,
may reduce reliance on post-hoc explanations and
ensure more stable interpretability outcomes.

Best Use Case

Early-stage drug screening
Biomarker discovery

Complex molecular interactions

Large-scale property prediction

community-wide standards for evaluating
explainability will be crucial for the field to mature.
Moreover, scalability poses another concern.
Molecular datasets can be extremely large, with
millions of compounds represented by high-
dimensional descriptors such as fingerprints or graph
embeddings. While scalable ML methods exist, the
computational cost of generating explanations
(particularly for SHAP values) can be prohibitively
high for large datasets. Research into efficient
approximation techniques for interpretability, as well
as hardware-aware algorithmic optimizations, is
necessary for the widespread application of XML in
molecular sciences (Lundberg et al., 2020).

Ethical and regulatory perspectives also demand
consideration. Explainable ML models for molecular
prediction could eventually be integrated into
decision-support  systems  for  pharmaceutical
approvals or chemical safety assessments. In such
cases, the ability to audit, reproduce, and justify model
predictions will not only be scientifically desirable but
also legally required. Ensuring transparency will help
establish trust between computational chemists,
clinicians, regulatory bodies, and the broader public.
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Overall, the discussion emphasizes that explainable
machine learning does not replace traditional
molecular modeling approaches but rather
complements them by making predictions
interpretable, trustworthy, and actionable. By
combining high-performing models with robust
interpretability frameworks, researchers can gain both
predictive accuracy and mechanistic understanding,
ultimately accelerating discoveries in chemistry and
life sciences.

Conclusion and Future Work

This study reviewed and analyzed the role of
explainable machine learning (XML) approaches in
molecular property prediction, emphasizing their
capacity to combine predictive accuracy with
transparency. Traditional machine learning and deep
learning models have achieved remarkable success in
identifying molecular properties, yet their “black-box”
nature limits their adoption in critical scientific
domains such as drug discovery, toxicology, and
materials science. Explainable Al methods, including
SHAP, LIME, attention mechanisms, graph-based
explainers, and rule-based frameworks, provide not
only reliable predictions but also interpretable
insights into the underlying molecular mechanisms.
By enabling researchers to wunderstand which
molecular substructures or features drive predictions,
these methods promote trust, reproducibility, and the
potential for novel discoveries.

However, the field remains in an evolving state, with
challenges such as scalability, computational
overhead, and the need for standardized evaluation
metrics for interpretability. Moreover, while
explainability improves model acceptance, it often
comes with trade-offs in accuracy and computational
efficiency. Addressing these issues is vital for broader
adoption.

Future Work

Future directions include integrating XML models
with generative frameworks to accelerate molecular
design and  discovery  while = maintaining
interpretability. There is also a need to create
benchmarks for comparing explainability methods
across molecular datasets to ensure consistency and
reliability. Moreover, hybrid approaches that combine
symbolic reasoning with machine learning hold

promise in bridging human-understandable chemical
rules with data-driven predictions. Finally, increasing
collaboration between computational scientists and
domain experts will be essential to ensure that
interpretability methods align with real-world
applications in chemistry, biology, and medicine.
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