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1. INTRODUCTION

Artificial intelligence (Al) has been widely adopted in the discovery of novel
drugs for treating a wide range of diseases (MAK, 2023). In particular, Al has
proven crucial in the early stages of the drug discovery pipeline (DDP), where
rapid and cost-effective identification of promising candidate molecules is essential
(MAK, 2023). In this context, virtual screening (VS) enables the rapid evaluation of
large virtual molecular libraries (GUIDOTTI, 2023). Compounds can be
computationally screened through VS to predict their potential activity against
biological targets. The top-ranked candidate molecules are then prioritized for
further experimental validation, moving forward to subsequent phases of the DDP.

Drug targets, typically proteins associated with specific disease mechanisms,
are fundamental to discovering candidate compounds (MAK, 2023).
Pharmaceutical companies and researchers increasingly leverage machine
learning (ML) models to predict the activity of molecules against these targets. In
particular, Quantitative structure-activity relationship (QSAR) models are widely
employed to relate molecular structures to their biological activities, facilitating the
identification of high-potency compounds (MAK, 2023).

Notably, there are often strong similarities when training QSAR models for
related targets, particularly within the same protein family or biological pathway.
Some studies have exploited these similarities through multi-task learning (MTL)
and knowledge distillation (KD), a paradigm where a single model is trained to
predict activities across multiple targets simultaneously (MOON, 2022) (LU, 2023),
achieving promising results by sharing information across related tasks.

Modern neural network architectures, such as graph neural networks
(GNNs), have achieved state-of-the-art performance across many QSAR modeling
tasks (HEID, 2024). However, most works exploring MTL for molecular activity
prediction have focused on classical ML algorithms (ROSENBAUM, 2013) or
feed-forward neural networks (FFNs) (MOON, 2022) using precomputed molecular
fingerprints as input, rather than leveraging graph-based representations.

Therefore, this work provides an assessment of GNN models in multi-task
learning scenarios for molecular activity prediction. Our evaluation focuses on
measuring the variation in performance between single-task and multi-task
approaches while also benchmarking against classical ML models and tabular
network baselines. We conduct a comprehensive analysis of molecular activity
prediction using the practical lead optimization (Lo) benchmark splits (STESHIN,
2023). Our results highlight the strengths and limitations of graph-based
architectures in multi-task settings and provide insights into their practical utility for
improving the lead optimization phase of drug discovery workflows.
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2. METHODS

Our proposed MTL approach comprises two main components: (1) a KD
system to transfer knowledge from pre-trained target-specific models to construct
dense multi-target activity prediction datasets, and (2) a task clustering approach
based on the hierarchical clustering algorithm to identify groups of related tasks
and exploit the similarities between them. Combining these two components
allows us to exploit the similarities between targets to improve the learned latent
space representations of molecular structures. Figure 1 depicts the KD system
and clustering pipeline.

Figure 1. Proposed MTL approach depicting (a) the KD system and (b) the
task clustering pipeline.
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The proposed knowledge distillation system builds a dense multi-target
activity prediction dataset by distilling knowledge from pre-trained target-specific
models. We can achieve this by training a single-task model for each considered
target and using the model predictions as soft labels to train new supervised
models. Only the missing activity annotations are replaced by the new predicted
labels, while the existing activity values are kept in the dataset. This dense dataset
is then used to train multi-task models. This process is applied to the training
dataset to avoid data leakage when evaluating the model's performance on the
test and validation datasets.

The task clustering approach is based on the hierarchical clustering algorithm
using the correlation coefficient between the activity values of the targets as the
distance metric. Using the distilled molecular activity dataset, we can construct a
distance matrix between the targets by computing the Pearson correlation
coefficient between activity values for each pair of targets. The distance metric is
defined as 1 - A, where A represents the considered correlation coefficient. To
identify groups of related targets, we apply the agglomerative clustering algorithm
— a hierarchical clustering approach that uses a bottom-up approach to group the
targets into a pre-defined number of clusters.
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3. RESULTS AND DISCUSSION

We assess the GNN, FFN, and Bambu (classic ML baseline) ability to predict
molecular activity for each predefined target in a filtered evaluation dataset. We
consider the Lo benchmark split for evaluation. The metrics considered are the
mean squared error (MSE), the mean absolute error (MAE), and the coefficient of
determination (R?). These metrics are computed for each model across all targets,
with results reported as the mean across all targets. Lower MSE and MAE indicate
better performance, while higher R? values are preferred.

Table 1 reports the results for all models trained and evaluated on the Lo
split. Methods are grouped by model architecture and learning strategy. We
consider five configurations for both GNN and FFN architectures: standard ST,
MTL, clustered MTL, MTL with KD, and clustered MTL with KD (the proposed
method). These are indicated with the Multi-Task, Clustered, and Distilled columns
in the results table. Bambu, which only supports traditional ML algorithms, is
excluded from MTL-based evaluations.

Table 1. Assessment of Baseline Models on Lo Dataset

Multi-Task Clustered Distilled MSE MAE R2

v v v 1.046 + 0.6 0.742+ 0.3 0.052 + 0.2

v v 1.113+0.7 0.769+ 0.3 0.017 £0.2

GNN v v 1.099 £ 0.7 0.759+ 0.3 0.017 £ 0.2
v 1.164 £ 0.7 0.785+0.3 -0.063 £ 0.3

1.077£0.7 0.755+ 0.3 0.031+0.2

v v v 2.841+4.2 1.196 £ 0.9 -3.101 £ 8.7
v v 13.32+7.0 3.318+1.0 -15.22 £17.0

FFN v v 2.626+1.9 1.259+0.5 -2.02+34
v 14.48 £ 13.5 3.147+£1.9 -15.00 £ 40.9

2.626+1.8 1.256 £ 0.5 -1.938+2.6

Bambu 1.155+0.7 0.768 £+ 0.3 -0.019+0.2

The proposed MTL configuration applied to the GNN architecture achieved
the best performance across all metrics: 1.046 for MSE, 0.742 for MAE, and 0.052
for R2. The single-task GNN configuration was the next best performer, suggesting
that the performance gains of MTL arise primarily from the combination of task
clustering and distillation. FFN-based models performed worst across all metrics.
This can be partially attributed to the fact that the original FFN implementation was
designed for binary activity classification (active/inactive), whereas our task
involves continuous activity prediction — a more complex and information-rich
regression problem that poses greater challenges for simpler neural architectures.
These results highlight the advantage of graph-based models like GNN for
multi-target molecular activity prediction, particularly in regression settings. Lo
benchmarks simulate significantly more difficult scenarios than the random split
commonly used in ML evaluations. For instance, R? values are frequently
negative, indicating performance worse than the null hypothesis (i.e., a horizontal
line at the mean activity level). This performance decline is partially attributable to
reduced dataset sizes resulting from the considered data split.
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4. CONCLUSIONS

This work explored the application of MTL to enhance the performance of
GNNs in multi-target molecular activity prediction tasks. Our approach combines
task clustering with KD to better capture and exploit shared patterns across related
biological targets. To ensure a realistic evaluation, we adopted the practical Lo
data split that mimics real-world drug discovery scenario. We benchmarked our
method against several baselines, including single-task and multi-task variants of
GNNs, FFNs trained on molecular fingerprints, and traditional machine learning
models implemented with Bambu. The proposed MTL configuration consistently
improved the performance of graph-based models, achieving superior results in
RS and Lo benchmarks. Our findings suggest that MTL is a promising strategy
even in data-constrained settings. As a future direction, we plan to explore transfer
learning techniques to further improve performance in such scenarios and
evaluate whether GNNs can outperform simpler models in these scenarios. We
provide all source code and datasets used in this study to support reproducibility
and further research. This work serves as a foundation for the development of
more effective approaches to multi-target molecular activity prediction.
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