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Abstract 
 
AXL tyrosine kinase plays a critical role in cancer progression, metastasis, and therapy 
resistance, making it a promising target for therapeutic intervention. However, traditional 
drug discovery methods for developing AXL inhibitors are resource-intensive, time-
consuming, and often fail to provide detailed insights into molecular determinants of 
potency. To address this gap, we applied machine learning techniques, including Random 
Forest, Gradient Boosting, Support Vector Regression, and Decision Tree models, to 
predict the potency (pIC50) of AXL inhibitors using a dataset of 972 compounds with 550 
molecular descriptors. Our results demonstrate that the Random Forest model 
outperformed others with an R² of 0.703, MAE of 0.553, RMSE of 0.720, and PCC of 0.841, 
showcasing strong predictive accuracy. SHAP analysis identified critical molecular 
features, such as RNCG and TopoPSA(NO), as key contributors to inhibitor potency, 
providing interpretable insights into structure-activity relationships. These findings 
highlight the potential of machine learning to accelerate the identification and 
optimization of AXL inhibitors, bridging the gap between computational predictions and 
rational drug design and paving the way for effective cancer therapeutics. 
 

 

Copyright: © 2025 by the authors. This is an open-access article distributed under the 
terms of the Creative Commons Attribution-NonCommercial 4.0 International License. 
(https://creativecommons.org/licenses/by-nc/4.0/) 

1. Introduction 

AXL, a receptor tyrosine kinase, is critical in various 
physiological and pathological processes, including cell 
survival, proliferation, migration, and immune response 
[1]. Overexpression or dysregulation of AXL has been 
implicated in the progression of several cancers, 

including hepatocellular carcinoma [2], non-small cell 
lung cancer [3], and breast cancer [4]. It is critical in 
promoting metastasis, therapy resistance, and poor 
patient prognoses. As a result, AXL has emerged as a 
promising therapeutic target in cancer drug discovery, 
with inhibitors of AXL tyrosine kinase showing potential  
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Figure 1. Representative chemical structures of AXL inhibitors from the ChEMBL database. 
 
for mitigating disease progression and enhancing 
treatment efficacy [5]. 

Traditional approaches to drug discovery for targeting 
AXL rely on experimental high-throughput screening 
(HTS) and structure-based drug design [6, 7]. While these 
methods have contributed significantly to identifying 
potential AXL inhibitors, they are resource-intensive, 
time-consuming, and often yield limited insights into the 
underlying mechanisms determining inhibitor potency 
[8]. Moreover, these conventional methods fail to fully 
grasp the complex interactions between molecular 
features that affect drug effectiveness, making 
optimization and rational design more challenging [9]. 

In recent years, artificial intelligence (AI) and machine 
learning have revolutionized drug discovery by enabling 
data-driven approaches that can accelerate target 
identification, lead optimization, and drug design [10, 11]. 
Machine learning algorithms can uncover complex 
patterns and relationships within large datasets, offering 
predictive capabilities that surpass traditional methods 
[12]. This paradigm shift in computational biology has 
facilitated breakthroughs in identifying novel drug 
candidates with high precision and efficiency, even in 
challenging therapeutic targets like AXL. 

Machine learning offers several advantages for drug 
discovery, including its ability to integrate diverse data 
sources, process high-dimensional datasets, and 
generalize predictive models for inhibitor potency [13, 
14]. Moreover, the incorporation of interpretable 
machine learning techniques, such as SHAP (Shapley 
Additive Explanations), has mitigated the "black box" 
nature of many machine learning models [15, 16]. By 
providing explainable insights into the contribution of 
specific molecular features to model predictions, these 

techniques empower researchers to better understand 
the structural and chemical properties governing AXL 
inhibition, aiding rational drug design and discovery. 

This study aims to use machine learning to predict the 
potency of AXL tyrosine kinase inhibitors while providing 
interpretable insights into the molecular determinants of 
their efficacy. With advanced machine learning 
techniques and interpretable frameworks, we seek to 
accelerate the identification and optimization of 
promising AXL inhibitors, ultimately contributing to 
developing effective cancer therapeutics. 

2. Materials and Methods 

2.1. Dataset Collection and Preparation 

The dataset used in this study was obtained from the 
ChEMBL database [17], specifically targeting the tyrosine-
protein kinase receptor (CHEMBL4895), commonly 
known as AXL. Initially, 1,113 compounds associated with 
AXL activity were retrieved. To ensure data quality and 
reliability, duplicate entries and compounds with missing 
values were removed, resulting in a final dataset of 972 
compounds for analysis. A representative selection of 
these compounds is illustrated in Figure 1. The depicted 
compounds are known to interact with the AXL kinase 
and exhibit varying degrees of activity. 

The dataset included two key attributes: SMILES and IC50 
values. The SMILES (Simplified Molecular Input Line Entry 
System) representation is a textual format that encodes 
the structure of chemical compounds. It provides a 
compact and machine-readable description of molecules, 
enabling their use as inputs for computational modeling 
[18]. The IC50 (half-maximal inhibitory concentration) is a 
widely used metric in drug discovery that quantifies the  
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(a) (b) 
Figure 2. Distribution of pIC50 values for AXL inhibitors in (a) the training set and (b) the testing set, highlighting the range and variability 

in compound potency across both datasets. 
 
concentration of a compound required to inhibit a 
specific biological or biochemical function by 50%. This 
value reflects the potency of a compound as an inhibitor. 

To enhance the interpretability and stability of the IC50 
data, the raw IC50 values (expressed in molar units) were 
transformed into pIC50 values [19]. This transformation 
converts the IC50 values into a logarithmic scale, where 
higher pIC50 values correspond to greater inhibitor 
potency. The resulting pIC50 values were used as the 
target variable in the machine-learning models to predict 
AXL inhibitor potency. 

2.2. Molecular Descriptor Calculation 

2D molecular descriptors were calculated to represent 
the compounds' chemical properties quantitatively. 
Molecular descriptors are numerical representations of 
molecules' physicochemical, structural, and topological 
characteristics [20]. They provide a way to capture 
complex molecular attributes such as size, shape, 
polarity, aromaticity, and the presence of functional 
groups, which are crucial for understanding and 
predicting biological activities like drug potency. These 
descriptors serve as features for machine learning 
models, enabling them to identify patterns and 
relationships between molecular structure and inhibitor 
activity. 

In this study, molecular descriptors were computed using 
the Mordred software package, which is widely used for 
generating a comprehensive set of chemical features 
[21]. A total of 1,329 descriptors were initially calculated 
for each compound in the dataset. However, not all 
descriptors are equally informative, and some may 
introduce noise or redundancy into the model. A 
preprocessing pipeline was applied to refine the feature 
set to address this. Descriptors with zero variance across 
all compounds were removed, as they provided no 
distinguishing information [22]. Additionally, highly 
correlated descriptors with a correlation coefficient 

greater than 0.95 were excluded to reduce 
multicollinearity and improve the interpretability and 
generalizability of the models [23]. 

After preprocessing, a final set of 550 molecular 
descriptors was retained. These descriptors represent a 
diverse and meaningful selection of chemical features, 
providing the necessary inputs for machine-learning 
models to predict AXL inhibitor potency with accuracy 
and reliability. 

2.3. Exploratory Data Analysis 

The data was split into training and test sets to prepare 
the dataset for machine learning, with 80% of the 
compounds allocated for training and 20% for testing. 
This split ensures that the machine learning models are 
trained on most data while retaining an independent 
subset for evaluating model performance on unseen 
compounds [24]. By doing so, we can assess the 
generalization ability of the models and ensure their 
reliability in predicting AXL inhibitor potency. 

The distribution of the pIC50 values in the dataset was 
visualized to understand the range and variability of 
compound potency (Figure 2). This step provides insight 
into the overall data distribution and helps identify any 
imbalances or patterns that may influence the model’s 
performance. 

A t-distributed Stochastic Neighbor Embedding (t-SNE) 
analysis was also performed on the training set. t-SNE is 
a dimensionality reduction technique to visualize high-
dimensional data in a lower-dimensional [25]. The 
purpose of applying t-SNE was to explore the 
relationships and clustering of the molecular descriptors 
within the dataset. By projecting the high-dimensional 
descriptor space into a 2D plot, we can identify patterns, 
groupings, or outliers in the chemical space. This may 
provide further insights into the structure-activity 
relationships governing AXL inhibitor potency. 
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2.4. Machine Learning Models 

To predict the potency of AXL tyrosine kinase inhibitors, 
we trained and evaluated four machine-learning 
regression models: Random Forest, Gradient Boosting, 
Support Vector Regression, and Decision Tree. These 
models were selected for their ability to handle diverse 
data structures and relationships and their 
complementary approaches to regression tasks. Random 
Forest and Gradient Boosting were chosen for their 
strong performance in handling high-dimensional data 
and capturing complex non-linear relationships. At the 
same time, Support Vector Regression was included for 
its ability to model intricate patterns using kernel 
functions. Decision Tree, though simpler, serves as a 
baseline for interpretability and comparison. The 
diversity of these methods provides a robust framework 
for identifying the best-performing model and 
understanding the predictive relationships between 
molecular descriptors and inhibitor potency. All models 
were implemented using Scikit-learn with default 
hyperparameters, and a fixed random state of 42 was 
used to ensure the reproducibility of the results. 

Random Forest is an ensemble learning method that 
builds multiple decision trees during training and 
combines their outputs to make predictions [26]. It is 
particularly suited for high-dimensional datasets, such as 
those with molecular descriptors, due to its robustness 
to overfitting and ability to capture nonlinear patterns. By 
averaging predictions from multiple trees, Random 
Forest reduces variance and delivers stable results, 
making it a strong candidate for regression tasks [27]. 

Gradient Boosting takes a different approach by building 
models sequentially, where each new model focuses on 
correcting the errors of the previous ones. This iterative 
process minimizes a predefined loss function through 
gradient descent, allowing Gradient Boosting to 
effectively capture intricate patterns in the data. Its ability 
to model complex relationships makes it a popular choice 
for tasks involving structure-activity relationships, where 
subtle molecular features may strongly influence 
biological activity [28]. 

Support Vector Regression offers a mathematically 
rigorous approach by fitting a hyperplane in a high-
dimensional feature space that best represents the data 
with some error tolerance. By leveraging kernel 
functions, such as the radial basis function (RBF), Support 
Vector Regression can model complex, nonlinear 
relationships. This flexibility makes it well-suited for 
capturing the nonlinearity often present in molecular 
structure-activity data, adding depth to the model 
comparison [29]. 

Decision Tree Regression, while simpler than the other 
models, provides interpretable predictions by 
partitioning the feature space into regions using decision 
rules. It captures nonlinearity through piecewise constant 
approximations and serves as a baseline for 
understanding the dataset. Although Decision Trees are 
prone to overfitting independently, they form the 
foundation for more sophisticated ensemble methods 
like Random Forest and Gradient Boosting, making them 
an essential component of this analysis [30]. 

By training these four models, we aimed to explore a 
variety of regression approaches, from interpretable and 
simple methods to more complex and flexible 
techniques. This comprehensive comparison allows us to 
identify the most effective model for predicting AXL 
inhibitor potency and to gain insights into the molecular 
features that govern activity. 

2.5. Model Evaluation 

To evaluate the performance of the regression models, 
we utilized four metrics: R² (coefficient of determination), 
Mean Absolute Error (MAE), Root Mean Square Error 
(RMSE), and Pearson Correlation Coefficient (PCC). Each 
metric serves a specific purpose in assessing the 
predictive accuracy, error magnitude, and strength of the 
relationship between predicted and actual values, 
providing a comprehensive evaluation of the models. 

The R² (coefficient of determination) measures the 
proportion of the variance in the target variable (pIC50) 
that the model explains. It assesses how well the model 
captures the overall trends in the data. A higher R² value 
indicates better predictive performance, with 1 
representing a perfect fit and 0 indicating no explanatory 
power [31]. 

The Mean Absolute Error (MAE) quantifies the average 
absolute difference between the predicted and actual 
values, making it a straightforward and interpretable 
measure of model precision. MAE is less sensitive to 
outliers than other metrics, providing a reliable sense of 
the average error magnitude [32]. 

The Root Mean Square Error (RMSE), on the other hand, 
calculates the square root of the average squared 
differences between predicted and actual values. By 
squaring the errors, RMSE penalizes larger deviations 
more heavily than MAE, making it especially useful when 
large errors are of greater concern. A lower RMSE reflects 
better model performance [33]. 

The Pearson Correlation Coefficient (PCC) evaluates the 
linear correlation between the predicted and actual 
values. It indicates the strength and direction of the  
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Figure 3. t-SNE visualization of molecular descriptors for AXL inhibitors, with points colored by pIC50 values. Higher pIC50 values (yellow) 
indicate greater potency, while lower values (purple) reflect weaker inhibition.  

 
relationship, ranging from -1 (perfect negative 
correlation) to 1 (perfect positive correlation), with 0 
implying no linear correlation. PCC provides a 
complementary perspective to the error-based metrics 
by focusing on the relationship rather than the 
magnitude of errors [34]. 

2.6. Model Interpretation 

To gain deeper insights into the predictions of the best-
performing model, we employed SHAP (Shapley Additive 
Explanations), a widely used framework for interpreting 
machine learning models [35]. SHAP provides a unified 
approach to explain the contribution of each feature to 
the model's predictions by assigning Shapley values [36, 
37]. These values are derived from cooperative game 
theory and quantify the impact of individual features on 
the predicted outcomes. 

By using SHAP, we identified the most influential 
molecular descriptors driving the predictions of AXL 
inhibitor potency. This interpretability helps uncover 
structure-activity relationships, offering valuable 
guidance for rational drug design and optimization [38]. 
The feature importance analysis highlights key chemical 
properties and enables domain experts to validate the 
model’s predictions and ensure alignment with prior 
knowledge in drug discovery. 

Visualizations of SHAP values, such as summary and 
dependency plots, were used to interpret the model’s 
behavior [39, 40]. These plots reveal how specific features 
influence the model's predictions across the dataset and 
allow for identifying non-linear or interaction effects. The 
interpretability provided by SHAP bridges the gap 
between model complexity and human understanding, 
making the machine-learning predictions more 
actionable for AXL tyrosine kinase inhibitor discovery. 

3. Results and Discussion 

3.1. t-SNE Visualization of Molecular Descriptor Space 

We conducted a t-distributed Stochastic Neighbor 
Embedding (t-SNE) analysis on the molecular descriptor 
data to investigate the distribution and structure-activity 
relationships in the dataset. The t-SNE projection, 
illustrated in Figure 3, reduces the high-dimensional 
chemical feature space to two dimensions, clearly 
visualizing molecular clustering and distribution. Each 
point in the plot corresponds to a compound, with its 
color reflecting its pIC50 value (inhibitor potency), as 
indicated by the color bar. 

The t-SNE visualization reveals distinct groupings of 
compounds based on their molecular features, 
suggesting potential structure-activity relationships 
governing AXL inhibitor potency. Compounds with higher 
pIC50 values (yellow) are relatively sparse but cluster 
together in specific regions of the chemical space. This 
clustering indicates that these potent compounds may 
share similar structural or physicochemical properties 
that contribute to their inhibitory activity. On the other 
hand, compounds with lower pIC50 values (purple) are 
distributed more broadly, suggesting greater structural 
diversity among less potent inhibitors. 

The continuous gradient of colors across the t-SNE plot 
further highlights the nuanced relationships between 
molecular features and AXL inhibition potency. This 
observation suggests that certain molecular descriptors 
play a pivotal role in determining compound activity, with 
clear transitions in potency levels evident in the 
visualization. Outliers or isolated points in the plot may 
represent compounds with unique chemical properties 
or unexpected activity profiles, which could warrant 
further investigation to identify novel chemical scaffolds 
for AXL inhibition. 
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Table 1. Performance metrics for machine learning models on the test set, evaluating AXL inhibitor potency prediction. 

Model R2 MAE RMSE PCC 
Random Forest 0.703 0.553 0.720 0.841 
Gradient Boosting 0.687 0.585 0.740 0.829 
Support Vector Regression 0.688 0.567 0.738 0.830 
Decision Tree 0.357 0.757 1.060 0.685 

 

Figure 4. The Random Forest model's actual versus predicted pIC50 values. 
 
This initial analysis underscores the potential of 
combining molecular descriptors with machine learning 
techniques to uncover meaningful patterns in the 
chemical space. The observed clustering and correlations 
provide a foundation for predictive modeling, enabling us 
to build robust machine-learning models for predicting 
the potency of AXL tyrosine kinase inhibitors. 

3.2. Machine Learning Model Performance Evaluation 

The predictive performance of four machine learning 
models was evaluated on the test set using four metrics: 
R², MAE, RMSE, and PCC. The results are summarized in 
Table 1. 

The Random Forest model demonstrated the best 
performance, achieving an R² of 0.703, the lowest MAE 
(0.553), and the lowest RMSE (0.720). It also displayed a 
strong linear correlation between predicted and actual 
values, as reflected by its high PCC (0.841). These results 
highlight the model’s ability to capture the complex 
relationships between molecular descriptors and 
inhibitor potency while maintaining generalizability on 
unseen data. 

Gradient Boosting and Support Vector Regression 
showed comparable performance, with R² values of 0.687 
and 0.688, respectively. Both models demonstrated 
similar MAE and RMSE scores, with Gradient Boosting 
slightly outperforming Support Vector Regression 
regarding RMSE (0.740 vs. 0.738). However, their PCC 
values (0.829 and 0.830) suggest a marginally weaker 
correlation compared to Random Forest. These models 
effectively captured non-linear patterns in the data. Still, 
their performance slightly lagged behind Random Forest, 

possibly due to overfitting or less optimal handling of the 
high-dimensional descriptor space. 

The Decision Tree model, while interpretable, performed 
significantly worse than the other models. It achieved an 
R² of 0.357, the highest error metrics (MAE: 0.757, RMSE: 
1.060), and the lowest PCC (0.685). This result 
underscores the limitations of simple tree-based models 
in handling the complexity of molecular descriptor data 
and highlights the necessity of ensemble or advanced 
techniques for this task. 

The performance metrics indicate that ensemble 
methods, particularly Random Forest, are well-suited for 
predicting AXL inhibitor potency. The strong performance 
of these models demonstrates their ability to generalize 
across diverse molecular structures, making them 
valuable tools for drug discovery tasks. Incorporating 
Random Forest into the pipeline further supports its 
potential for identifying structure-activity relationships 
and aiding rational design. 

As the Random Forest model demonstrated the best 
performance in predicting AXL inhibitor potency, its 
predictions were further analyzed to evaluate its 
reliability and interpretability. Figure 4 illustrates the 
actual versus predicted pIC50 values for the test set, 
showing a strong agreement between the predicted and 
actual pIC50 values, with points clustering closely around 
the red dashed line, representing the perfect correlation 
line (slope = 1). This indicates that the Random Forest 
model effectively captures the underlying relationships 
between molecular descriptors and AXL inhibitor 
potency. The spread of points is minimal, particularly in  
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Figure 5. The residual plot for the Random Forest model shows evenly distributed residuals and minimal systematic bias across 
predicted pIC50 values. 

 

Figure 6. William's plot depicts leverage and standardized residuals for training and test datasets, confirming model robustness and 
identifying potential outliers. 

 
the middle pIC50 range, suggesting robust model 
performance across most of the potency spectrum. 

However, minor deviations are observed at the extreme 
ends of the pIC50 values, where the model exhibits slightly 
higher prediction errors. These deviations could result 
from the relatively lower representation of compounds in 
these dataset regions, highlighting a potential area for 
improvement. Nevertheless, the alignment 
demonstrates the model's capacity for generalizing to 
unseen data and supports its suitability for predictive 
tasks in AXL inhibitor discovery. 

A residual plot (Figure 5) was generated to further assess 
the Random Forest model's performance. Residuals, 
defined as the difference between actual and predicted 
pIC50 values, provide insights into the model's prediction 
errors and potential biases. The residuals are evenly 
distributed around the red dashed line (residual = 0), 
indicating that the model does not exhibit systematic 
over- or under-prediction across the predicted range. 
This uniformity suggests that the Random Forest model 
captures the complex relationships in the dataset 
effectively and does not suffer from significant bias. 

Most residuals fall within a narrow range, reflecting the 
model's accuracy. However, several points with larger 
residuals are observed, particularly at the lower and 
higher ends of the predicted pIC50 range. These outliers 
may be due to inherent noise in the data, less frequent 
representation of extreme potency compounds, or 
unique molecular properties not fully captured by the 
descriptors used. 

The Williams plot (Figure 6) was used to evaluate the 
robustness and reliability of the Random Forest model by 
analyzing leverage and standardized residuals for both 
the training and test datasets. Leverage quantifies the 
influence of individual data points on the model, while 
standardized residuals measure the deviation of 
predicted values from actual values. The horizontal 
dashed lines on the plot represent the ±3 threshold for 
standardized residuals, beyond which points are 
considered outliers. The vertical dashed line marks the 
critical leverage value. 

For the training data (orange points), most data points fall 
within the acceptable range for standardized residuals 
and leverage. This indicates that the model is not 
excessively biased or overfitting to specific compounds. A  
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Figure 7. The SHAP feature importance bar plot highlights the top molecular descriptors contributing to AXL inhibitor potency 
predictions. 

 
few training points exceed the leverage threshold, 
suggesting these are influential compounds with unique 
chemical features or extreme descriptor values. These 
compounds may significantly impact the model’s 
predictions and are worth further investigation for their 
potential as outliers or sources of unique insights. 

For the test data (blue points), most points are similarly 
confined within the acceptable limits, with very few points 
displaying high leverage or residual values. This highlights 
the generalization capability of the Random Forest 
model, as it performs consistently well on unseen data 
without significant deviations or over-reliance on specific 
data points. Overall, the Williams plot demonstrates that 
the model performs robustly across both datasets, with a 
few high-leverage or outlier compounds that could 
warrant additional exploration. These compounds might 
represent opportunities for discovering novel chemical 
scaffolds or improving the quality and diversity of the 
dataset. 

3.3. SHAP Analysis for Interpretability and Feature 
Importance 

To interpret the predictions of the Random Forest model 
and identify the key molecular descriptors influencing 
AXL inhibitor potency, SHAP (Shapley Additive 
Explanations) analysis was performed. The feature 
importance results are visualized in Figure 7, which 
highlights the top five descriptors contributing to the 
model’s predictions. 

Figure 7 shows the mean absolute SHAP values for the 
most important molecular descriptors, providing 
actionable insights for AXL inhibitor design. The 
descriptor RNCG has the highest impact on model 
predictions, with a mean SHAP value of +0.18, indicating 
its strong influence on potency. This suggests optimizing 
structural or physicochemical properties captured by 

RNCG could enhance inhibitor effectiveness. Other key 
descriptors, including GATS4dv, nHBAcc, ABC, and 
TopoPSA(NO), highlight the role of molecular topology, 
hydrogen bonding capacity, and polar surface area in 
drug-receptor interactions. For example, nHBAcc 
(hydrogen bond acceptor count) suggests that increasing 
hydrogen bond acceptors may improve binding affinity. 
At the same time, TopoPSA(NO) (topological polar surface 
area) indicates that modulating polarity could optimize 
drug permeability and target interaction. These insights 
provide a rational basis for structural modifications, 
guiding the design of more potent and selective AXL 
inhibitors by fine-tuning molecular properties that drive 
activity. The cumulative contribution of the remaining 
545 features, with a mean SHAP value of +1.56, 
underscores the dataset’s complexity, reinforcing the 
need for machine learning-driven feature selection to 
streamline drug optimization. 

To complement the feature importance analysis 
presented in the bar plot (Figure 7), a SHAP beeswarm 
plot (Figure 8) was generated to provide a detailed 
overview of the variability and distribution of SHAP values 
for individual predictions across the dataset. This plot 
illustrates the SHAP values for the top five most 
important molecular descriptors and the remaining 
features' cumulative contribution. Each point represents 
a single compound, with the color indicating the feature 
value (red for high and blue for low). The horizontal 
spread of points reflects the range of SHAP values, 
showing the positive or negative impact of the feature on 
the model’s prediction and highlighting the extent to 
which each molecular descriptor influences AXL inhibitor 
potency, offering valuable insights into the structural 
characteristics driving activity. 

Unlike the bar plot, which summarizes the overall 
average importance of each feature, the beeswarm plot 
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Figure 8. SHAP beeswarm plot displaying the variability and distribution of feature contributions for the top molecular descriptors across 
individual predictions. 

 
captures the variability and interaction effects of 
descriptors at the level of individual predictions. For 
example, the descriptor RNCG consistently contributes 
positively to model predictions, but the extent of its 
impact varies depending on the compound. In contrast, 
TopoPSA(NO) shows positive and negative contributions, 
suggesting a more complex relationship with AXL 
inhibitor potency. 

A SHAP dependence plot was generated to investigate 
the relationship between the most important. This plot 
provides insight into how variations in the feature value 
impact the predicted pIC50 values. 

Figure 9a shows that as the value of RNCG increases, its 
SHAP value generally decreases, indicating a negative 
correlation between RNCG and the predicted potency of 
AXL inhibitors. Compounds with lower RNCG values tend 
to exhibit higher positive SHAP values, suggesting a 
stronger contribution to higher predicted pIC50 values. 
Conversely, compounds with higher RNCG values tend to 
negatively influence the model's predictions. 

Figure 9b shows a distinct pattern in which compounds 
with lower GATS4dv values (ranging between -2 and 0) 
generally have positive SHAP values, indicating a 
favorable contribution to higher predicted pIC50 values. 
As GATS4dv values increase beyond 0, the SHAP values 
shift to negative, suggesting a diminishing contribution to 
inhibitor potency. Interestingly, the plot reveals a clear 
separation in the SHAP value distribution, with 
compounds clustering into two distinct regions. This 
indicates that GATS4dv may interact with other 
descriptors or reflect distinct chemical subgroups within 
the dataset, which warrants further investigation. 

Figure 9c indicates a generally positive relationship 
between nHBAcc values and SHAP values. Compounds 
with lower nHBAcc values (less than -1) exhibit 

predominantly negative SHAP values, suggesting that 
fewer hydrogen bond acceptors diminish the predicted 
potency. As the nHBAcc values increase towards positive 
values, the SHAP values progressively shift upwards, 
indicating an increasing contribution to higher predicted 
pIC50 values. This trend aligns with the importance of 
hydrogen bonding in drug-receptor interactions, as 
compounds with more hydrogen bond acceptors are 
likely to exhibit stronger binding affinity. 

The plot also reveals a plateau in SHAP values for nHBAcc 
values near or above 0, suggesting that additional 
hydrogen bond acceptors may no longer significantly 
enhance potency beyond a certain threshold. This insight 
is valuable for prioritizing compounds during 
optimization, as it highlights a diminishing return on 
increasing nHBAcc. 

Figure 9d reveals a positive correlation between ABC 
values and SHAP values. The SHAP values are 
predominantly negative for lower ABC values (below -1), 
indicating a detrimental effect on the predicted pIC50 
values. As the ABC values increase beyond 0, the SHAP 
values transition to positive, suggesting that higher ABC 
values contribute favorably to the predicted potency of 
AXL inhibitors. 

This trend implies that ABC, potentially capturing specific 
structural or physicochemical properties, is an essential 
determinant of inhibitor activity. Notably, the plot 
demonstrates a smooth, nonlinear relationship, with the 
effect of ABC plateauing at higher values, indicating that 
further increases in ABC may have a limited impact on 
potency beyond a certain threshold. 

Figure 9e reveals a positive correlation between 
TopoPSA(NO) values and their SHAP contributions to the 
model's output. The SHAP values are negative for lower  
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Figure 9. SHAP dependence plots showing the relationship between key molecular descriptors and their influence on predicted AXL 

inhibitor potency, (a) RNCG; (b) GATS4dv; (c) nHBAcc; (d) ABC; (e) TopoPSA(NO). 
 
TopoPSA(NO) (below -1), indicating a reduced 
contribution to predicted potency. As TopoPSA(NO) 
values increase beyond 0, the SHAP values shift to 
positive, demonstrating an increasing influence on higher 
pIC50 predictions. This trend suggests that the topological 
polar surface area (linked to nitrogen and oxygen atoms) 
is a critical determinant of inhibitor activity. 

The plot also highlights a nonlinear relationship, with 
TopoPSA(NO) values between 1 and 2 having the 
strongest positive impact, after which the effect appears 
to plateau. This observation suggests that optimizing 
polar surface area within a specific range may enhance 
AXL inhibitor potency, while further increases beyond 
this range may offer diminishing returns. 
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3.4. Limitations and Future Directions 

While the study demonstrates the effectiveness of 
machine learning models, particularly Random Forest, in 
predicting AXL inhibitor potency and uncovering 
structure-activity relationships, several limitations should 
be addressed to enhance the robustness and 
applicability of these findings. 

One significant limitation lies in the dataset itself. Despite 
preprocessing to ensure quality, the dataset contains 
inherent biases, such as an uneven distribution of pIC50 
values and the underrepresenting of certain chemical 
scaffolds. This imbalance may lead to suboptimal 
performance when predicting the potency of compounds 
with rare or underrepresented structural features. Future 
work could focus on curating a more diverse dataset by 
incorporating additional high-quality data from 
experimental studies or public databases to better 
capture the chemical space relevant to AXL inhibition. 

Another limitation involves the reliance on 2D molecular 
descriptors. Although these descriptors provide valuable 
insights into compounds' structural and physicochemical 
properties, they may fail to fully capture the 3D 
conformations and dynamic interactions critical to drug-
receptor binding. Integrating 3D molecular descriptors or 
molecular docking scores into the modeling pipeline 
could significantly enhance predictive performance and 
biological relevance. Moreover, developing machine 
learning models that incorporate hybrid approaches, 
such as combining molecular dynamics simulations with 
experimental data, could provide deeper insights into the 
mechanisms of AXL inhibition. 

Finally, while this study emphasizes prediction and 
interpretability, transitioning from computational 
predictions to practical drug discovery remains 
challenging. Future work should prioritize experimental 
validation of the predicted high-potency compounds and 
employ active learning techniques to iteratively refine 
models using experimental feedback. This iterative 
framework could accelerate the identification and 
optimization of promising AXL inhibitors. 

4. Conclusions 

In this study, we successfully leveraged machine learning 
techniques to predict the potency of AXL tyrosine kinase 
inhibitors, providing interpretable insights into the 
molecular features driving their activity. Among the 
models evaluated, the Random Forest model 
demonstrated the best predictive performance, with 
strong generalization and minimal bias across diverse 
chemical structures. SHAP analysis identified key 
molecular descriptors, such as RNCG and TopoPSA(NO), 

as critical determinants of AXL inhibitor potency, offering 
valuable guidance for rational drug design. While the 
results highlight the potential of machine learning in 
accelerating drug discovery, limitations such as dataset 
bias and the exclusion of 3D molecular interactions 
underline the need for future work incorporating diverse 
datasets, 3D structural features, and experimental 
validation. These findings advance AI-driven drug 
discovery, paving the way for developing effective cancer 
therapeutics targeting AXL. 
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