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Abstract 
 
Glaucoma is a leading cause of irreversible blindness, primarily managed by lowering 
intraocular pressure (IOP). Carbonic Anhydrase-II (CA-II) inhibitors play a crucial role in 
this treatment by reducing aqueous humor production. However, existing CA-II inhibitors 
often suffer from poor selectivity, side effects, and limited bioavailability, highlighting the 
need for more efficient and targeted drug discovery approaches. This study uses machine 
learning-driven Quantitative Structure-Activity Relationship (QSAR) modeling to predict 
CA-II inhibition based on molecular descriptors, significantly enhancing screening 
efficiency over traditional experimental methods. By evaluating multiple machine 
learning models, including Support Vector Machine, Gradient Boosting, and Random 
Forest, we identify SVM as the most effective classifier, achieving the highest accuracy 
(83.70%) and F1-score (89.36%). Class imbalance remains challenging despite high 
sensitivity, necessitating further improvements through resampling and hyperparameter 
optimization. Our findings underscore the potential of machine learning-based virtual 
screening in accelerating CA-II inhibitor identification and advocate for integrating AI-
driven approaches with traditional drug discovery techniques. Future directions include 
deep learning enhancements and hybrid machine learning-docking frameworks to 
improve prediction accuracy and facilitate the development of more potent and selective 
glaucoma treatments. 
 

 

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 

Glaucoma is a progressive neurodegenerative disease 
that leads to irreversible vision loss, primarily caused by 
increased intraocular pressure (IOP) due to impaired 
aqueous humor drainage [1]. One of the key therapeutic 
targets for glaucoma treatment is carbonic anhydrase-II 

(CA-II), an enzyme involved in aqueous humor production 
[2, 3]. Inhibiting CA-II reduces the production of 
bicarbonate ions, leading to decreased aqueous humor 
secretion and, consequently, a reduction in IOP, making 
CA-II inhibitors a crucial class of drugs for glaucoma 
management [4]. 
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Figure 1. Examples of chemical structures from the dataset utilized in this study. 
 
Despite significant advancements in drug development, 
identifying novel and effective CA-II inhibitors remains a 
challenge. Many existing inhibitors exhibit poor 
selectivity, undesirable side effects, or limited 
bioavailability, reducing their therapeutic potential [5–7]. 
Furthermore, traditional drug screening methods require 
extensive biochemical and structural analysis, which 
limits the speed of drug discovery [8]. A more efficient, 
cost-effective, and accurate approach is needed to 
identify potential CA-II inhibitors with improved 
pharmacological properties. 

Machine learning has emerged as a powerful tool in drug 
discovery, enabling the rapid prediction of chemical 
compounds' bioactivity, toxicity, and pharmacokinetic 
properties [9, 10]. Machine learning algorithms leverage 
large datasets to recognize patterns in molecular 
structures and predict their interactions with target 
proteins [11, 12]. Machine learning-based models offer a 
more efficient alternative by rapidly evaluating candidate 
molecules, prioritizing the most promising compounds, 
and significantly reducing the need for exhaustive 
experimental trials. 

A key computational approach in drug discovery is 
Quantitative Structure-Activity Relationship (QSAR) 
modeling, which uses mathematical and statistical 
techniques to correlate molecular descriptors with 
biological activity [13, 14]. QSAR modeling is 
advantageous because it provides interpretable 
relationships between molecular features and biological 
responses, allowing researchers to design and optimize 
drug candidates rationally. By integrating machine 
learning with QSAR modeling, predictive accuracy can be 
further enhanced, overcoming the limitations of 
traditional QSAR methods that rely on linear or 
predefined models [15].  

Several studies have demonstrated the effectiveness of 
machine learning- driven QSAR models in identifying 
inhibitors for various drug targets, such as kinase 
inhibitors for cancer treatment [16–18] and antiviral 
compounds for infectious diseases [19–22]. However, our 
search did not yield studies specifically applying machine 
learning-driven QSAR models for CA-II inhibitors. This 
highlights a gap in the literature, underscoring the need 
for further investigation, which this study aims to 
address. 

This study aims to evaluate the effectiveness of different 
machine learning methods in identifying potential CA-II 
inhibitors as drug candidates for glaucoma treatment. 
Specifically, we will develop and compare multiple 
machine learning models to predict CA-II inhibition based 
on molecular descriptors and chemical features. By 
leveraging computational techniques, this study seeks to 
enhance the efficiency and accuracy of CA-II inhibitor 
discovery, ultimately contributing to the development of 
improved therapeutic options for glaucoma. 

2. Materials and Methods 

2.1. Data Collection and Preparation 

The dataset used in this study was obtained from 
ChEMBL [23], explicitly targeting CA-II (CHEMBL205). A 
total of 920 compounds were selected, each represented 
by its SMILES notation along with its IC50 value. The IC50 
values were used to define compound activity to facilitate 
the classification task. Compounds with IC50 values lower 
than 1000 nM were categorized as active, while those 
with IC50 values equal to or greater than 1000 nM were 
classified as inactive [24]. The chemical structures from 
the dataset used in this study can be seen in Figure 1. The 
figure serves to provide an overview of the molecular 
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diversity within the dataset, highlighting the structural 
variations among the selected compounds. 

2.2. Calculate Fingerprint 

To represent the molecular structures numerically, 
PubChem fingerprints were generated using PaDEL 
version 2.2.1, with preprocessing steps that included the 
removal of salts and standardizing nitro groups. These 
fingerprints are vectorized representations of molecules, 
encoding key structural and chemical features essential 
for computational analysis [25]. PubChem fingerprints 
were selected due to their widespread use and ability to 
capture key structural and chemical features relevant for 
computational analysis. This fingerprint consists of 881 
binary descriptors, where each descriptor indicates the 
presence or absence of specific molecular substructures, 
providing a standardized and efficient representation for 
further analysis. 

Preprocessing steps were applied to improve the quality 
of the features. First, descriptors with zero variance were 
removed as they provided no discriminatory power [26]. 
Next, a multicollinearity threshold of 95% was applied, 
eliminating highly correlated features to reduce 
redundancy [27]. After these refinements, a final set of 
387 descriptors was retained for further analysis, 
ensuring a more informative and efficient feature space 
for machine learning models. 

2.3. Exploratory Data Analysis 

To gain insights into the dataset and assess potential 
separability between active and inactive compounds, 
Principal Component Analysis (PCA) was applied to the 
PubChem fingerprint descriptors. PCA is a dimensionality 
reduction technique that transforms high-dimensional 
data into a lower-dimensional space while preserving 
variance [28]. The first two principal components (PC1 
and PC2) were extracted and visualized in a 2D scatter 
plot to explore the distribution of active and inactive 
compounds. 

Additionally, Lipinski’s descriptors were computed to 
analyze the physicochemical properties of the 
compounds [29]. The selected descriptors included 
molecular weight (MW), which measures the size of the 
molecule, LogP, representing lipophilicity and indicating 
solubility in lipids and water, number of hydrogen bond 
donors (NumHDonors), which reflects potential 
hydrogen-bonding interactions, and number of hydrogen 
bond acceptors (NumHAcceptors), indicating the 
molecule’s capacity to form hydrogen bonds. These 
descriptors provide essential insights into the drug-
likeness of compounds and their potential bioavailability. 

Descriptive statistics were computed to compare the 
distribution of these descriptors between active and 
inactive compounds, including mean, median, standard 
deviation, and interquartile range. A Mann-Whitney U 
test, a non-parametric statistical test, was performed to 
assess whether there were significant differences in 
these descriptors between active and inactive 
compounds [30]. Finally, boxplots were generated for 
each Lipinski descriptor to visualize variations between 
the two classes, highlighting any distinguishing 
physicochemical characteristics that could influence 
compound activity. 

2.4. Machine Learning Models 

Multiple machine learning models were implemented to 
classify compounds as active or inactive inhibitors of CA-
II. The selected models included Logistic Regression, 
Random Forest, Support Vector Machine, Gradient 
Boosting, and k-nearest Neighbors. Each offers distinct 
advantages in handling molecular data and classification 
tasks. 

Logistic Regression was selected due to its simplicity and 
effectiveness in binary classification problems [31]. 
Random Forest, an ensemble-based model, was chosen 
for its ability to handle non-linearity, mitigate overfitting, 
and improve accuracy by aggregating multiple decision 
trees [32]. Support Vector Machine was included because 
of its strong performance in high-dimensional spaces, a 
common characteristic of molecular fingerprint data, 
where it efficiently finds the optimal hyperplane to 
separate active and inactive compounds [33]. 

Gradient Boosting was incorporated due to its sequential 
learning approach, which iteratively refines weak 
classifiers to enhance predictive performance. This 
makes it particularly effective for capturing subtle 
patterns in molecular structures [34]. Lastly, k-Nearest 
Neighbors was chosen as a distance-based method that 
classifies compounds based on molecular similarity, 
which aligns well with structure-activity relationships in 
drug discovery [35]. 

2.5. Model Training and Validation 

The dataset was divided into training and testing sets 
using an 80:20 split to ensure a robust evaluation of 
model performance. The training set, comprising 80% of 
the data, was used to train the machine learning models, 
while the remaining 20% was reserved for testing to 
assess generalization capabilities [36]. All models were 
implemented using the Scikit-Learn library, with default 
hyperparameters applied during training. This approach 
provided a baseline performance measure before 
considering further optimization [37]. 
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Figure 2. The PCA scatter plot of the first two principal components illustrates the distribution of active and inactive CA-II inhibitors. 
 
2.6. Performance Evaluation 

The performance of the trained machine learning models 
was evaluated using four key classification metrics: 
accuracy, precision, recall, and F1-score. Accuracy 
measured the overall correctness of the model by 
calculating the proportion of correctly classified 
compounds. Precision indicated the reliability of positive 
predictions by assessing the proportion of correctly 
identified active compounds among all predicted active 
compounds. Recall, also known as sensitivity, measured 
the model’s ability to identify all actual active compounds 
within the dataset. The F1-score, a harmonic mean of 
precision and recall, provided a balanced assessment, 
particularly useful in cases of class imbalance. These 
metrics were computed for each model on the test 
dataset, allowing for a comparative analysis of their 
effectiveness in distinguishing active and inactive CA-II 
inhibitors. The results helped determine the most 
suitable approach for predicting potential drug 
candidates for glaucoma treatment [38]. 

3. Results and Discussion 

3.1. Exploratory Data Analysis 

PCA was performed to explore the distribution of active 
and inactive compounds within a lower-dimensional 
space. Figure 2 illustrates the scatter plot of the first two 
principal components, highlighting the spatial 
distribution of the compounds categorized as active and 
inactive. The plot demonstrates a high degree of overlap 
between the two classes, suggesting that the molecular 
descriptors alone may not provide a clear boundary for 

distinguishing active CA-II inhibitors from inactive ones. 
This indicates that simple linear separability is 
challenging, reinforcing the need for more advanced 
classification techniques such as non-linear machine 
learning models. 

While some regions exhibit a noticeable clustering of 
active or inactive compounds, the overall spread 
suggests that multiple molecular features contribute to 
activity, and their interactions are not easily captured in 
two-dimensional space. The observed dispersion also 
underscores the chemical space's complexity and PCA's 
limitations in fully resolving class separability. This 
motivates the application of machine learning models 
that can learn non-linear relationships and leverage high-
dimensional patterns within the dataset. 

Table 1 summarizes the descriptive statistics and Mann-
Whitney U test results for Lipinski’s Rule of Five 
descriptors. The analysis reveals significant differences 
between active and inactive compounds regarding MW, 
LogP, nHA, and nHD. The Mann-Whitney U test yielded p-
values lower than 0.05 for all descriptors, indicating 
statistically significant differences between the two 
groups. 

Active compounds generally exhibited higher molecular 
weights, with a median value of 358.93 compared to 
295.73 for inactive compounds. This suggests that larger 
molecular structures may be more favorable for CA-II 
inhibition. Similarly, the mean LogP value for active 
compounds was lower (1.6) than for inactive compounds 
(2.08), implying that more hydrophilic compounds tend to  
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Table 1. Descriptive statistics and Mann-Whitney U test results for Lipinski’s Rule of Five descriptors. 

 MW LogP nHA nHD 
 Inactive Active Inactive Active Inactive Active Inactive Active 
p-value 1.79×10-14 5.30×10-4 4.95×10-3 9.11×10-36 
Min 65.39 149.09 -1.72 -3.14 0 0 0 2 
Max 654.72 780.85 6.43 7.05 6 7 10 16 
Median 295.73 358.93 2.04 1.52 2 2 4 6 
Mean 311.03 372.79 2.08 1.6 1.97 2.13 4.23 6.05 
Skew 0.72 0.97 0.11 0.2 0.8 1.56 0.63 1.37 
Kurtosis 0.61 0.79 -0.92 0.55 -0.09 3.07 0.31 3.22 
Note: The p-value represents the result of the Mann-Whitney U test. 

 

Figure 3. Box plots comparing Lipinski’s Rule of Five descriptors (MW, LogP, nHD, nHA) between active and inactive CA-II inhibitors. 
 
be better inhibitors. The differences in nHA and nHD 
were also notable, with active compounds showing a 
higher median and mean for both descriptors. 
Specifically, active compounds had more hydrogen bond 
donors (median = 6) and acceptors (median = 2), which 
may contribute to their ability to form key interactions 
with the CA-II enzyme. 

Additionally, the skewness and kurtosis values indicate 
that the distribution of these descriptors is not perfectly 
normal, with active compounds displaying greater 
asymmetry and higher peaks in their distributions. The 
results highlight that physicochemical properties play an 
essential role in determining CA-II inhibition potential and 
reinforce the importance of incorporating these 
descriptors in predictive modeling. The statistically 
significant differences suggest that molecular weight, 
lipophilicity, and hydrogen bonding characteristics 
should be key features in developing machine learning 
models for CA-I inhibitor classification. 

Figure 3 presents box plots comparing the distribution of 
Lipinski’s Rule of Five descriptors between active and 
inactive compounds. These visualizations further support 
the statistical findings from Table 1, reinforcing the 
significant differences in physicochemical properties 
between the two groups. 

The MW distribution shows that active compounds tend 
to have a higher median and interquartile range than 
inactive compounds, suggesting that larger molecules 
may be more effective as CA-II inhibitors. The LogP box 
plot reveals that active compounds generally have lower 
lipophilicity, which aligns with the idea that more 
hydrophilic molecules may enhance CA-II inhibition 
potential. The distribution of nHD and nHA also indicates 
a notable distinction, with active compounds exhibiting 
higher median values for both descriptors. This trend 
suggests that the ability to form hydrogen bonds plays a 
crucial role in the bioactivity of potential inhibitors. 
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Table 2. Performance of ensemble machine learning models on the classification of CA-II inhibitors. 

Model 
Accuracy 
(%) 

Precision 
(%) 

Sensitivity 
(%) 

Specificity 
(%) 

F-1 Score 
(%) 

Logistic Regression 82.61 88.06 88.06 68.00 88.06 
Random Forest 81.52 85.71 89.55 60.00 87.59 
Support Vector Machine 83.70 85.14 94.03 56.00 89.36 
Gradient Boosting 83.15 86.01 91.79 60.00 88.81 
K-Nearest Neighbors 81.52 86.23 88.81 62.00 87.50 

 
3.2. Machine Learning Models 

Table 2 summarizes the performance of different 
machine learning models for classifying CA-II inhibitors 
based on accuracy, precision, sensitivity, specificity, and 
F1-score. Among the models evaluated, the Support 
Vector Machine achieved the highest accuracy (83.70%) 
and F1-score (89.36%), indicating its superior capability in 
distinguishing active from inactive compounds. The 
Gradient Boosting model followed closely, with an 
accuracy of 83.15% and an F1-score of 88.81%, 
demonstrating its effectiveness in capturing complex 
patterns in the data. While slightly behind, Logistic 
Regression performed well with an accuracy of 82.61% 
and an F1-score of 88.06%, serving as a strong baseline 
method. 

Random Forest and k-Nearest Neighbors exhibited 
similar performance, achieving an accuracy of 81.52% but 
differing slightly in F1-score, with Random Forest at 
87.59% and k-Nearest Neighbors at 87.50%. Sensitivity 
values were relatively high across all models, suggesting 
they effectively identified active compounds. However, 
specificity was lower, particularly for the Support Vector 
Machine (56.00%) and Random Forest (60.00%) models, 
indicating that some inactive compounds were 
misclassified as active. 

Based on the F1-score, the best-performing model was 
the SVM, demonstrating its effectiveness in handling the 
classification task. Despite lower specificity, the Support 
Vector Machine's high accuracy suggests that it effectively 
captures patterns distinguishing active compounds but 
may be biased toward classifying compounds as active. 
This trade-off between sensitivity and specificity could 
stem from the dataset composition or the nature of 
molecular descriptors. 

Figure 4 presents the confusion matrices for five machine 
learning models that classify CA-II inhibitors, highlighting 
their predictive performance and class imbalance 
challenges. Class 0 represents active compounds in this 
study, while class 1 represents inactive compounds. The 
Support Vector Machine model achieved the highest true 
active count (126) but misclassified 22 inactive 
compounds as active. Despite this, Support Vector 

Machine demonstrated strong specificity and an overall 
high F1-score. Gradient Boosting and Logistic Regression 
showed more balanced classification, while Random 
Forest and K-Nearest Neighbors had slightly lower 
performance distinguishing inactive compounds, 
reducing their F1-scores. These results align with Table 2, 
where the Support Vector Machine exhibited the best 
balance in classification, though the trade-off between 
specificity and sensitivity remains a challenge. In drug 
discovery, false positives (misclassified inactive 
compounds) are particularly concerning as they may lead 
to the rejection of potentially effective inhibitors, delaying 
new treatments. Conversely, false negatives 
(misclassified active compounds) could waste resources 
on ineffective candidates, increasing development costs. 

Figure 5 presents the Receiver Operating Characteristic 
(ROC) curves for the machine learning models used to 
classify CA-II inhibitors, evaluating their ability to 
distinguish between active and inactive compounds. The 
area under the curve (AUC) serves as a key performance 
metric, with higher values indicating better classification. 
Among the models, Random Forest (AUC = 0.865) and 
Gradient Boosting (AUC = 0.862) demonstrate the highest 
AUC values, confirming their strong predictive 
performance. Support Vector Machine follows with an 
AUC of 0.845, while K-Nearest Neighbors (AUC = 0.836) 
and Logistic Regression (AUC = 0.828) exhibit slightly 
lower classification accuracy. These results align with 
previous performance metrics, validating Random Forest 
and Gradient Boosting as the most effective models for 
identifying potential CA-II inhibitors. 

3.3. Discussion 

The results from this study demonstrate the potential of 
machine learning methods in identifying CA-II inhibitors 
for glaucoma treatment. Through extensive model 
evaluation, we observed that advanced machine learning 
techniques, particularly Support Vector Machine, 
achieved the highest classification accuracy, F1-score, 
and AUC, making them promising tools for virtual 
screening of novel drug candidates. However, several 
critical observations emerge from our findings, 
highlighting the approaches' strengths and limitations. 
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Figure 4. Confusion matrices of the machine learning models for CA-II inhibitor classification: (a) Logistic Regression, (b) Random Forest, 
(c) SVM, (d) Gradient Boosting, (e) KNN. 

 

Figure 5. ROC curves of the machine learning models, comparing their ability to distinguish active from inactive CA-II inhibitors based on 
classification thresholds. 

 
Despite the robust performance of machine learning 
models, the EDA suggests that the molecular space of 
active and inactive compounds exhibits significant 
overlap, as indicated by the PCA plot. This suggests that 
linear separation of classes is not straightforward, 
emphasizing the need for non-linear classification 

models, such as Support Vector Machine and Gradient 
Boosting, which successfully captured these complex 
relationships. Additionally, the results from Lipinski’s Rule 
of Five analysis showed significant physicochemical 
differences between active and inactive compounds, 
reinforcing the importance of molecular weight, 
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hydrogen bonding, and lipophilicity in CA-II inhibition. 
These descriptors played a key role in feature selection 
and likely contributed to model performance. 

While Support Vector Machine exhibited the highest 
accuracy (83.70%) and F1-score (89.36%), it also 
demonstrated lower specificity (56.00%), meaning that it 
tended to classify some inactive compounds as active. 
This trade-off suggests that while the model effectively 
identifies potential inhibitors, it may introduce false 
positives, increasing experimental validation costs. 
Similarly, Random Forest and K-Nearest Neighbors 
exhibited slightly lower performance due to their reliance 
on decision trees and distance metrics, which may not 
generalize well across diverse chemical spaces. 

One interesting observation is that Gradient Boosting, 
despite achieving high accuracy (83.15%) and F1-score 
(88.81%), had relatively balanced sensitivity and 
specificity compared to Support Vector Machine. This 
suggests that ensemble learning techniques may offer a 
more generalizable approach when screening for 
potential drug candidates. However, the computational 
cost of training ensemble methods like Gradient Boosting 
is typically higher than simpler models like Logistic 
Regression. 

The models exhibited high sensitivity but relatively lower 
specificity, suggesting a bias towards identifying active 
compounds. This imbalance may arise due to the 
inherent dataset composition or the high-dimensional 
nature of molecular fingerprints. Although we applied 
feature selection techniques, overfitting remains a 
concern, particularly for models trained on relatively 
small datasets. Future work could explore data 
augmentation strategies, such as generative models or 
molecular similarity-based augmentation, to improve 
generalizability. Furthermore, employing resampling 
techniques could help balance class distributions and 
improve specificity. Another approach to mitigate 
overfitting is hyperparameter optimization, where fine-
tuning model parameters, particularly for tree-based 
methods like Random Forest and Gradient Boosting, 
could enhance classification performance. 

Despite their promise, machine learning models should 
not be considered standalone replacements for 
traditional structure-based drug discovery methods. 
Instead, machine learning-based predictions should be 
integrated with computational docking and experimental 
validation to streamline the discovery pipeline. Given that 
machine learning models can rapidly screen thousands 
of molecules, they can serve as a pre-filtering step to 
prioritize candidates for more computationally expensive 
docking simulations.  

4. Conclusions 

This study demonstrates the potential of machine 
learning models in identifying CA-II inhibitors for 
glaucoma treatment, with Support Vector Machine and 
Gradient Boosting emerging as the most effective 
classifiers. The exploratory data analysis highlighted 
significant physicochemical differences between active 
and inactive compounds, reinforcing the importance of 
molecular descriptors such as molecular weight, 
hydrogen bonding, and lipophilicity in CA-II inhibition. 
While machine learning models exhibited strong 
predictive performance, class imbalance and lower 
specificity remain challenges, necessitating future 
improvements through resampling techniques, 
hyperparameter optimization, and explainability 
methods. Additionally, machine learning-based virtual 
screening should be integrated with traditional drug 
discovery techniques, such as molecular docking and 
pharmacophore modeling, to enhance predictive 
accuracy and reduce false positives. Future directions 
include deep learning approaches, hybrid machine 
learning-docking models, and expanding training 
datasets to improve model robustness and 
generalizability. Overall, this research highlights the 
feasibility of AI-driven virtual screening for accelerating 
the discovery of novel, potent, and selective CA-II 
inhibitors, paving the way for more effective glaucoma 
treatments. 
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