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Introduction 

The discovery and improvement of small-molecule inhibitors are key to modern cancer 
treatments [1,2]. Targeted therapies, which block specific kinases involved in tumor growth and 
spread, have become increasingly important because they are often more effective and less toxic 
than traditional chemotherapy [3,4]. Quantitative structure–activity relationship (QSAR) 
modeling has been a core method in computational drug discovery, enabling the prediction of 
biological activity from chemical structure and facilitating the virtual screening of large 
compound libraries [5–7]. However, traditional QSAR methods depend on manually designed 
molecular descriptors, which may not capture the complex, nonlinear patterns present in 
chemical data [8]. 

Recent progress in natural language processing (NLP) and transformer-based models has 
revolutionized molecular representation learning through chemical language models, such as 
ChemBERTa [9–11]. By treating SMILES strings as molecular “sentences,” ChemBERTa uses 
contextual embeddings pre-trained on large chemical datasets to capture detailed substructural 
and functional group patterns [12]. These deep learning–based representations have shown 
strong generalization and predictive performance in QSAR and molecular property prediction 
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tasks [13]. However, the best fine-tuning strategies for adapting pre-trained molecular 
transformers to specific biochemical targets, such as kinases, remain poorly understood. 

The AXL receptor tyrosine kinase is a critical regulator of tumor progression, metastasis, and 
drug resistance in multiple cancer types [14–16]. Accurate prediction of AXL inhibitor activity is 
therefore essential for identifying novel therapeutic candidates. However, fine-tuning 
transformer-based models, such as ChemBERTa, presents several challenges: determining the 
appropriate training depth, managing overfitting, and balancing the benefits of transfer learning 
and task-specific adaptation [17]. Excessive freezing of model layers may limit representational 
flexibility, while overly aggressive fine-tuning can lead to instability and overfitting, particularly 
under data-limited conditions [18]. 

This study investigates effective fine-tuning strategies for ChemBERTa in the context of QSAR 
modeling of AXL kinase inhibitors, a class of small molecules with therapeutic potential in 
oncology. The goal is to understand how different approaches to adapting a pre-trained 
molecular transformer influence model performance. Three main configurations are evaluated. 
The baseline configuration employs partial fine-tuning, where only the final layers of the 
transformer are updated, enabling the model to adapt to target-specific features while 
maintaining general chemical representations. The full fine-tuning configuration involves 
unfreezing all layers and updating the entire network, aiming for maximum task-specific 
adaptation but with a higher risk of overfitting and training instability. The aggressive 
configuration explores a higher learning rate combined with moderate layer freezing to test 
whether rapid adaptation can yield faster convergence without sacrificing generalization. 

This study aims to systematically evaluate the impact of various fine-tuning strategies on the 
performance of the ChemBERTa transformer model in predicting the bioactivity of AXL kinase 
inhibitors relevant to cancer therapy. By comparing baseline, full fine-tune, and aggressive 
configurations that differ in learning rate, regularization, and layer freezing depth, the research 
seeks to identify the best balance between knowledge transfer and task-specific adaptation in 
QSAR modeling. The study offers empirical insights into how the intensity of fine-tuning 
influences predictive accuracy, calibration reliability, and model interpretability. These results 
help clarify ChemBERTa’s adaptability for kinase-focused drug discovery and offer practical 
guidance for building robust, data-efficient QSAR workflows in medicinal chemistry. 

Materials and Methods 

Experimental Workflow 

The complete workflow for fine-tuning the ChemBERTa model on AXL kinase inhibitor 
classification is illustrated in Figure 1. The process begins with dataset preparation and 
preprocessing, followed by model architecture configuration and experimental setup. The 
workflow proceeds through model training and concludes with evaluation using standard 
performance metrics and visualization techniques. 

Dataset Preparation 

The dataset was obtained from the ChEMBL database for the Homo sapiens Tyrosine-protein 
kinase receptor UFO (AXL; Target ID: CHEMBL4895) [19]. Molecular structures were 
represented as Simplified Molecular Input Line Entry System (SMILES) strings with 
corresponding IC50 activity values. Compounds with IC50 < 1000 nM were labeled as active, 
while those with IC50 ≥ 1000 nM were labeled as inactive [20]. All SMILES were canonicalized 
using RDKit to ensure structural consistency and remove duplicates [21]. The resulting dataset 
was divided into training (80%) and testing (20%) subsets using a stratified split to preserve 
class balance [22]. The training set contained 462 active and 293 inactive compounds, while the 
testing set included 116 active and 73 inactive compounds. 
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Figure 1. Overview of the ChemBERTa fine-tuning workflow for AXL kinase inhibitor prediction. 

Data Preprocessing 

Each canonical SMILES string was tokenized using the ChemBERTa tokenizer from the 
seyonec/ChemBERTa-zinc-base-v1 model. Tokenization was performed with automatic 
truncation and padding to a uniform sequence length, and tensors were generated for input IDs, 
attention masks, and labels. The tokenized datasets were subsequently converted into PyTorch 
TensorDataset objects and loaded into DataLoaders for efficient batch processing during 
training and validation. 

Model Architecture 

The ChemBERTa (RoBERTa-based) architecture pre-trained on large chemical corpora was 
used as the backbone for fine-tuning [23]. A classification head with two output neurons was 
appended for binary activity prediction (active/inactive). To evaluate the effect of transfer 
learning depth, different configurations froze varying numbers of lower transformer encoder 
layers. Layers were frozen by disabling gradient computation for selected encoder blocks using 
parameter name matching [24]. This allowed assessment of representational transfer versus 
full retraining. 

Experimental Configurations 

To systematically evaluate how fine-tuning intensity and regularization strategies affect 
predictive performance, three ChemBERTa configurations, namely baseline, full fine-tune, and 
aggressive, were implemented. Each configuration varied in the learning rate, weight decay, 
number of frozen transformer layers, and batch size, as summarized in Table 1. 

Table 1. Summary of fine-tuning configurations used for ChemBERTa on AXL kinase inhibitor classification. 

Configuration 
Learning 
Rate 

Weight 
Decay 

Frozen 
Layers 

Batch 
Size Description 

Baseline 3×10-5 0.01 8 16 Partial fine-tuning of upper transformer 
layers. 

Full fine-tune 2×10-5 0.01 0 16 
All transformer layers are unfrozen, and 
complete fine-tuning is performed. 

Aggressive 5×10-5 0 6 32 
Higher learning rate, no weight decay, 
moderate freezing. 

The baseline setup served as a partial fine-tuning control, where the lower eight transformer 
encoder layers were frozen to retain pre-trained chemical representations while allowing 
adaptation in the upper layers. This approach balances the reuse of learned molecular 
embeddings with limited task-specific flexibility. A moderate learning rate of 3×10-5 was chosen 
to ensure stable optimization given the reduced number of trainable parameters, while an L2 
weight decay of 0.01 helped prevent overfitting by constraining parameter growth. This 
configuration provides a controlled benchmark for assessing the benefits of deeper fine-tuning. 
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The full fine-tune configuration unfroze all layers, allowing complete backpropagation through 
the entire ChemBERTa encoder. This enables the model to fully adapt its representational space 
to the downstream task, capturing subtle chemical relationships that may not have been 
emphasized during pre-training. A slightly reduced learning rate of 2×10-5 was used to stabilize 
training and mitigate the risk of catastrophic forgetting, given the larger number of trainable 
parameters. Weight decay of 0.01 and a batch size of 16 were kept consistent with the baseline 
to isolate the effect of unfreezing all layers and ensure a fair comparison of fine-tuning depth. 

The aggressive configuration explored a higher learning rate of 5×10-5 combined with no weight 
decay to encourage faster convergence and more dynamic parameter updates. This setup was 
designed to test the limits of adaptation speed and learning flexibility under minimal 
regularization. To maintain some representational stability and avoid complete drift from pre-
trained knowledge, six lower layers were frozen while the remaining layers adapted to task-
specific chemical patterns. A larger batch size of 32 was employed to reduce gradient noise and 
stabilize updates under the higher learning rate, offering a practical trade-off between 
exploration and stability. 

Training Procedure 

All ChemBERTa models were fine-tuned using PyTorch and the Hugging Face Transformers 
framework under consistent experimental settings. Each configuration was trained for 20 
epochs with the AdamW optimizer and a linear learning rate scheduler without warm-up. The 
cross-entropy loss function was used for binary classification of active versus inactive 
compounds. Mini-batch training was performed using the batch sizes specified for each 
configuration, and model parameters were updated after each batch via backpropagation. 
Depending on the setup, a defined number of lower transformer layers were frozen to preserve 
pre-trained chemical representations, while upper layers were fine-tuned to learn task-specific 
molecular features. 

Evaluation and Metrics 

Model performance was quantitatively assessed using four standard classification metrics, 
namely accuracy, precision, recall, and F1-score, as defined in Equations (1–4), respectively 
[25,26]. These metrics were computed on the independent test set using the scikit-learn library 
to ensure standardized and reproducible evaluation. Accuracy quantified the overall proportion 
of correct predictions, while precision and recall evaluated the model’s ability to correctly 
identify active compounds. The F1-score, as the harmonic mean of precision and recall, provided 
a balanced measure of predictive performance. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦  =  
𝑇𝑃  +  𝑇𝑁

𝑇𝑃  +  𝑇𝑁  +  𝐹𝑃  +  𝐹𝑁
  (1) 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 (2) 

 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 (3) 

 

𝐹1 − 𝑆𝑐𝑜𝑟𝑒 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 (4) 

To further analyze classification behavior, several visual diagnostics were performed. Receiver 
Operator Characteristic (ROC) curve and precision–recall curve comparisons were generated to 
assess sensitivity–specificity trade-offs among configurations. Confusion matrices provided 
insights into prediction accuracy per class, while calibration (reliability) plots examined the 
agreement between predicted probabilities and observed outcomes. In addition, a molecular 
activity distribution plot based on kernel density estimation (KDE) visualized the distribution of 
predicted activity scores that separates active and inactive molecules. Collectively, these 
analyses enabled a comprehensive evaluation of each model’s discriminative power, calibration, 
and interpretability [27]. 
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Results and Discussion 

The predictive outcomes of the three ChemBERTa fine-tuning configurations, baseline, full fine-
tune, and aggressive, were evaluated using accuracy, precision, recall, and F1-score. The 
comparative results are summarized in Table 2, highlighting the influence of fine-tuning depth 
and regularization strategy on classification performance. 

Table 2. Performance of ChemBERTa configurations on AXL kinase inhibitor classification. 

Configuration   Accuracy Precision Recall F1-score 
Baseline 75.66 76.12 87.93 81.60 
Full fine-tune 78.31 79.53 87.07 83.13 
Aggressive 78.84 80.16 87.07 83.47 

Accuracy represents the overall proportion of correctly classified compounds and serves as a 
general indicator of performance. Both the full fine-tune and aggressive models achieved higher 
accuracy than the baseline, suggesting that increased trainable depth allowed the model to 
better generalize across the chemical space of AXL inhibitors. Precision measures the proportion 
of predicted active compounds that were truly active, and its improvement in the Fine-tune and 
aggressive models (79.53% and 80.16%, respectively) reflects a reduction in false positives, 
which is important for minimizing experimental validation costs in drug discovery. 

Recall quantifies the proportion of actual active compounds correctly identified. All 
configurations exhibited high recall values (above 87%), indicating that ChemBERTa effectively 
retained its sensitivity toward active molecules even when layers were frozen or 
hyperparameters adjusted. The F1-score integrates both precision and recall into a balanced 
measure of performance. The increase in F1-score from 81.60 in the baseline to 83.47 in the 
aggressive configuration demonstrates that deeper and less constrained fine-tuning improved 
the balance between identifying actives and avoiding misclassification of inactives. Overall, the 
results indicate that while recall remained consistently strong across all models, precision and 
F1-score benefited the most from broader fine-tuning, emphasizing the importance of adaptive 
learning in QSAR modeling with ChemBERTa. 

The training progression of the three ChemBERTa configurations is illustrated in Figure 2, 
showing (a) the loss curve and (b) the accuracy curve across 20 epochs. These plots provide 
insights into model convergence behavior and stability during fine-tuning. 

  

(a) (b) 
Figure 2. Training curves for ChemBERTa fine-tuning configurations: (a) loss per epoch and (b) accuracy per 
epoch. 
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In Figure 2a, the full fine-tune configuration demonstrated the fastest and most consistent 
reduction in loss, reaching a near-minimum by epoch 15, which indicates stable optimization 
when all layers were trainable. The aggressive configuration showed rapid early loss reduction 
but exhibited mild oscillations, suggesting that the higher learning rate introduced stronger 
gradient updates and minor fluctuations around the optimum. The baseline configuration 
maintained higher loss values throughout training, reflecting limited adaptability due to partial 
layer freezing. 

Figure 2b shows that validation accuracy improved progressively for all configurations, with 
both full fine-tune and aggressive models achieving over 78% accuracy by the end of training. 
The baseline model’s accuracy plateaued earlier, consistent with its reduced training flexibility. 
These patterns confirm that deeper fine-tuning and adjusted optimization parameters 
accelerated convergence and improved generalization for the AXL kinase QSAR task. 

The classification performance of each ChemBERTa configuration was further examined 
through confusion matrices, as shown in Figure 3. These matrices illustrate the distribution of 
true and predicted labels for active and inactive compounds, allowing qualitative assessment of 
false positives and false negatives. 

  
(a) (b) 

 

 

(c)  
Figure 3. Confusion matrices for ChemBERTa configurations: (a) baseline, (b) full fine-tune, and (c) 
aggressive. 

In Figure 3a, the baseline configuration correctly classified 102 active and 41 inactive 
compounds but misclassified 32 inactive molecules as active, indicating a tendency toward 
over-prediction of activity. The full fine-tune model (Figure 3b) improved both sensitivity and 
specificity, reducing false positives (26) while maintaining high true positive counts (101). This 
demonstrates that full-layer fine-tuning enhanced discrimination between active and inactive 
compounds. 
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The aggressive configuration (Figure 3c) achieved the most balanced confusion matrix, with 101 
true actives and 48 true inactives, and the fewest misclassifications overall. This reflects a strong 
trade-off between precision and recall, consistent with its superior F1-score observed in Table 
2. The relatively stable false negative count across all models suggests that ChemBERTa’s 
underlying chemical representation effectively captures active compound features, while fine-
tuning primarily improves precision by reducing overprediction of activity. 

To evaluate the overall discriminative capability of each ChemBERTa configuration, ROC curves 
were generated, as shown in Figure 4. The ROC curve plots the true positive rate (sensitivity) 
against the false positive rate (1-specificity) across all classification thresholds, providing a 
threshold-independent assessment of model performance. 

All three configurations exhibited strong classification performance, with areas under the curve 
(AUC) ranging from 0.830 to 0.835. The full fine-tune model achieved the highest AUC value 
(0.835), indicating slightly superior discriminative ability compared with the baseline (0.830) 
and aggressive (0.833) models. The close proximity of these AUC values demonstrates that all 
fine-tuning strategies preserved ChemBERTa’s inherent ability to separate active and inactive 
compounds effectively. 

Notably, the steeper initial rise in the ROC curve for the full fine-tune model suggests improved 
early-stage sensitivity, where small increases in false positives yield larger gains in true 
positives. This reflects more effective internal feature adaptation, especially for borderline 
compounds near the activity threshold. Overall, the ROC analysis confirms that deeper fine-
tuning slightly enhances classification robustness without sacrificing stability or calibration 
across thresholds. 

 

Figure 4. ROC curve comparison for ChemBERTa configurations: baseline, full fine-tune, and aggressive. 

To further assess model performance on imbalanced classification and active compound 
detection, precision–recall curves were generated for all ChemBERTa configurations, as shown 
in Figure 5. The precision–recall curve illustrates the relationship between precision (positive 
predictive value) and recall (sensitivity) across various probability thresholds, offering a more 
informative evaluation than ROC analysis when the active class is less prevalent. 

All three models displayed strong precision–recall trade-offs, with area under the precision–
recall curve (AUC-PR) values between 0.874 and 0.884, confirming stable and reliable 
detection of active molecules. The full fine-tune configuration achieved the highest AUC-PR 
(0.884), indicating the most effective balance between minimizing false positives and 
maintaining high recall. The aggressive configuration achieved a comparable result (0.878), 
suggesting that higher learning rates did not compromise performance stability. 
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The consistently high AUC-PR values across all configurations demonstrate ChemBERTa’s 
strong discriminative capacity for molecular bioactivity prediction. The minor yet consistent 
improvement from the baseline to the full fine-tune setup reflects that deeper fine-tuning 
enhances the model’s ability to distinguish actives, particularly in decision regions near the 
activity threshold where predictive uncertainty is greatest. 

 

Figure 5. Precision–recall curve comparison for ChemBERTa configurations: baseline, full fine-tune, and 
aggressive. 

To assess the reliability of predicted probabilities and determine how well the models’ 
confidence values align with observed outcomes, calibration plots were generated as shown in 
Figure 6. These plots compare the predicted probability of activity with the true fraction of active 
compounds, providing a measure of how well the model’s output probabilities reflect real-world 
likelihoods. 

 

Figure 6. Calibration plots for ChemBERTa configurations: baseline, full fine-tune, and aggressive. 

An ideally calibrated model would follow the diagonal reference line, where predicted 
probabilities perfectly match observed frequencies. The Expected Calibration Error (ECE) 
quantifies the deviation from this ideal relationship. As shown in Figure 6, the aggressive 
configuration achieved the lowest ECE (0.087), indicating the best calibration and most reliable 
probability estimates. The baseline model exhibited moderate calibration (ECE = 0.114), while 
the full fine-tune configuration showed overconfidence (ECE = 0.265), where predicted 
probabilities tended to overestimate true activity likelihoods. 

These results suggest that while full-layer fine-tuning enhanced classification accuracy, it may 
have slightly reduced probabilistic reliability due to stronger adaptation and potential 
overfitting. In contrast, moderate regularization in the aggressive configuration preserved both 



Grimsa Journal of Science Engineering and Technology 2025 

Page 81 
 
 

performance and well-calibrated uncertainty estimates, making it the most dependable for 
downstream decision-making in virtual screening applications. 

To visualize how each ChemBERTa configuration distributed predicted probabilities across the 
active–inactive classification space, molecular activity distribution plots were generated using 
KDE, as shown in Figure 7. These plots illustrate the density of predicted probabilities for all 
compounds, with the decision boundary (0.5) marked as a reference threshold separating 
predicted actives from inactives. 

 

Figure 7. Molecular activity distribution  plots for ChemBERTa configurations. 

As shown in Figure 7, the baseline model displayed a flatter probability distribution with less 
distinct separation between active and inactive regions, suggesting weaker confidence in 
classification boundaries. The full fine-tune and aggressive configurations exhibited sharper 
bimodal distributions with higher densities near probabilities of 0 and 1, indicating stronger 
class separation and more decisive predictions. The aggressive model showed slightly more 
compact peaks, reflecting consistent confidence in distinguishing between active and inactive 
compounds. 

The clear separation observed in the full fine-tune and aggressive models aligns with their 
improved accuracy and F1-scores reported earlier, confirming that deeper fine-tuning enhances 
the model’s ability to internalize discriminative molecular features. The KDE profiles further 
indicate that while all models identify the general activity boundary, the degree of prediction 
sharpness correlates with training depth and learning rate intensity. 

The comparative results across all configurations demonstrate that the extent of fine-tuning in 
ChemBERTa substantially influences predictive performance, calibration, and representational 
confidence for QSAR modeling of AXL kinase inhibitors. The full fine-tune and aggressive 
configurations consistently outperformed the baseline model in accuracy, precision, and F1-
score, confirming that allowing deeper parameter updates enables more effective adaptation to 
the molecular characteristics of the target kinase. The aggressive configuration, in particular, 
balanced strong predictive power with well-calibrated probabilities, as evidenced by its lowest 
expected calibration error and sharpest activity distribution. These findings underscore that 
careful tuning of learning rate and regularization is essential for optimizing transformer-based 
chemical language models without compromising probabilistic reliability. 

From an application perspective, these outcomes highlight the potential of ChemBERTa-based 
QSAR frameworks as reliable screening tools in early-stage drug discovery. Improved 
calibration and class discrimination directly translate to more confident prioritization of 
candidate molecules for synthesis and testing, thereby reducing false positives and 
experimental costs. The insights from this work can guide model selection and hyperparameter 
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strategies when deploying molecular transformers for specific therapeutic targets or under 
data-limited conditions. 

However, several limitations should be noted. The dataset was limited to a single kinase target 
(AXL) and binary classification based on IC50 thresholds, which may not fully represent broader 
chemical diversity or multi-target selectivity. Furthermore, the study did not explore advanced 
fine-tuning techniques such as layer-wise learning rate decay, adapter-based tuning, or 
contrastive pretraining, which could yield more efficient parameter transfer. Future work should 
extend this analysis to larger, multi-target datasets and investigate transferability across 
related kinases. Incorporating uncertainty quantification, explainability methods, and active 
learning loops could further enhance interpretability and data efficiency, making ChemBERTa-
based QSAR pipelines more robust and applicable to real-world medicinal chemistry 
workflows. 

Conclusions 

This study demonstrated that the extent of fine-tuning in ChemBERTa substantially affects its 
predictive accuracy, calibration, and generalization for QSAR modeling of AXL kinase inhibitors. 
Comparative analysis of baseline, full fine-tune, and aggressive configurations revealed that 
deeper fine-tuning improves precision, F1-score, and class discrimination by enabling greater 
task-specific adaptation, while moderate regularization preserves calibration reliability. Among 
the evaluated strategies, the aggressive configuration achieved the best balance between 
predictive power and probabilistic stability, indicating that controlled unfreezing combined with 
an optimized learning rate can enhance transformer-based molecular representations without 
overfitting. These findings highlight the potential of ChemBERTa as a robust framework for 
activity prediction and virtual screening in kinase-focused drug discovery and provide practical 
guidance for designing fine-tuning protocols that maximize both performance and 
interpretability in data-driven medicinal chemistry. 
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