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Abstract 
 
Alzheimer's disease (AD) is a neurodegenerative disorder characterized by cognitive 
decline, with the accumulation of β-amyloid (Aβ) plaques playing a key role in its 
progression. Beta-Secretase 1 (BACE1) is a crucial enzyme in Aβ production, making it a 
prime therapeutic target for AD treatment. However, designing effective BACE1 inhibitors 
has been challenging due to poor selectivity and limited blood-brain barrier permeability. 
To address these challenges, we employed a machine learning approach using Support 
Vector Regression (SVR) in a Quantitative Structure-Activity Relationship (QSAR) model to 
predict the inhibitory activity of potential BACE1 inhibitors. Our model, trained on a 
dataset of 7,298 compounds from the ChEMBL database, accurately predicted pIC50 
values using molecular descriptors, achieving an R² of 0.690 on the testing set. The 
model's performance demonstrates its utility in prioritizing drug candidates, potentially 
accelerating drug discovery. This study highlights the effectiveness of computational 
approaches in optimizing drug discovery and suggests that further refinement could 
enhance the model’s predictive power for AD therapeutics. 
 

 

Copyright: © 2024 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 

Alzheimer's disease (AD) is a progressive 
neurodegenerative disorder characterized by cognitive 
decline and memory impairment, affecting millions of 
individuals worldwide [1]. A hallmark of AD is the 
accumulation of β-amyloid (Aβ) plaques in the brain, 
which are believed to play a crucial role in neuronal 
dysfunction and death [2]. Beta-Secretase 1 (BACE1) is a 

key enzyme responsible for the initial step in producing 
Aβ peptides through the cleavage of amyloid precursor 
protein (APP) [3]. Consequently, BACE1 has emerged as a 
promising therapeutic target for developing drugs to 
reduce Aβ levels and slow the progression of AD [4–6]. 

Despite extensive research, designing effective BACE1 
inhibitors has been challenging due to poor selectivity, 
limited blood-brain barrier permeability, and adverse 

http://www.heca-analitika.com/malacca_pharmaceutics
https://doi.org/10.60084/mp.v2i2.226
https://crossmark.crossref.org/dialog/?doi=10.60084/mp.v2i2.226&domain=pdf
mailto:trizkynoviandy@gmail.com
mailto:ghifarimaulana145@gmail.com
mailto:trina_tallei@unsrat.ac.id
mailto:dianhandayani@phar.unand.ac.id
mailto:rinaldi.idroes@usk.ac.id
mailto:rinaldi.idroes@usk.ac.id
https://creativecommons.org/licenses/by-nc/4.0/


Malacca Pharmaceutics, Vol. 2, No. 2, 2024 

 Page | 80  
 

side effects. Traditional drug discovery methods are time-
consuming and costly [7], highlighting the need for 
efficient computational approaches to identify potent 
BACE1 inhibitors [8, 9]. Quantitative Structure-Activity 
Relationship (QSAR) modeling is a computational 
technique that correlates the chemical structures of 
compounds with their biological activities, enabling the 
prediction of the activity of new, untested molecules [10–
12]. 

Machine learning algorithms have significantly enhanced 
QSAR modeling by capturing complex, nonlinear 
relationships between molecular descriptors and 
biological activity [13–16]. Support vector regression 
(SVR) has shown considerable promise among these 
algorithms due to its ability to handle high-dimensional 
data and model complex relationships using kernel 
functions [17, 18]. SVR is a powerful machine learning 
technique that extends Support Vector Machines (SVM) 
to regression problems. SVR works by finding a function 
that approximates the relationship between molecular 
descriptors and biological activity with a margin of 
tolerance (epsilon) while maintaining good generalization 
capabilities [19]. 

In this study, we aim to develop an SVR-based QSAR 
model to predict the inhibitory activity of potential BACE1 
inhibitors for Alzheimer's disease therapeutics. By 
utilizing a dataset of known BACE1 inhibitors with 
experimentally determined activities, our goal is to create 
a predictive model that can accurately estimate the 
activity of novel compounds. This computational 
approach will help prioritize promising candidates for 
further synthesis and testing, ultimately accelerating the 
drug discovery process and reducing the associated costs 
and resources. 

2. Materials and Methods 

2.1. Dataset 

The dataset used in this study was retrieved from the 
ChEMBL database [20], specifically targeting BACE1 
inhibitors (ChEMBL target ID: CHEMBL4822). The dataset 
consists of 7,298 compounds, each represented by its 
Simplified Molecular Input Line Entry System (SMILES) 
notation and their respective IC50 values, which indicate 
the inhibitory concentration required to reduce BACE1 
activity by 50%. SMILES is a text-based format that 
encodes the structure of chemical compounds, serving as 
the input for molecular descriptor calculation [21]. The 
IC50 values are then converted to pIC50, a more convenient 
measure of potency. The pIC50 scale allows for easier 
comparison, with higher values indicating stronger 
inhibition. This transformation standardizes the data, 

making it more suitable for further analysis and modeling 
[22]. 

Molecular descriptors are quantitative representations of 
the chemical properties and structural attributes of 
molecules [23]. These descriptors capture various 
aspects of molecular structure, such as size, shape, 
functional groups, and electronic distribution [24]. They 
are often used as features in computational models to 
correlate chemical structure with biological activity. In 
this study, we used the Mordred software to calculate 2D 
molecular descriptors from the SMILES representations 
of the compounds [25], yielding 1,613 descriptors per 
compound. The 2D descriptors encompass various 
categories, including topological, constitutional, and 
electronic properties. We focused on 2D descriptors 
because they are computationally less intensive than 3D 
descriptors and are widely used in QSAR studies, where 
2D representations often provide sufficient information 
for predictive modeling. 

We applied feature selection methods to reduce 
redundancy and enhance the model's performance. First, 
a variance threshold of 0.1 was used to remove 
descriptors with low variability across the dataset, 
ensuring that only informative features were retained. 
Next, descriptors with high multicollinearity were 
removed by applying a correlation threshold of 0.80, 
discarding highly correlated features. After these filtering 
steps, 156 molecular descriptors remained for use in the 
QSAR model. 

The dataset was split into training (80%) and testing (20%) 
sets using a stratified approach, ensuring that both sets 
maintained the same distribution of pIC50 values as the 
original dataset. This stratification also helped preserve 
chemical diversity, which is crucial for the model's ability 
to generalize across a wide range of compounds and 
activity levels. Specifically, 80% of the compounds were 
allocated for training the model, while the remaining 20% 
were reserved for testing and validating its predictive 
performance [26, 27]. The distribution of compounds in 
the training and testing sets is shown in Figure 1. The 
training set shows a normal-like distribution centered 
around pIC50 values between 6 and 8. The testing set 
follows a similar distribution, indicating that the data split 
preserved the overall distribution of inhibitory activity 
across both sets.  

2.2. Support Vector Regression 

SVR is a machine learning algorithm designed to predict 
continuous target variables, making it well-suited for 
tasks such as predicting pIC50 values. SVR works by finding 
a function that makes predictions within a specified 
margin of tolerance, denoted as ϵ, ensuring that 



Malacca Pharmaceutics, Vol. 2, No. 2, 2024 

 Page | 81  
 

  
(a) (b) 

Figure 1. Distribution of compounds in (a) the training set and (b) the testing set. 
 
most predictions are close to the actual values. The 
algorithm also strives to balance prediction accuracy with 
model simplicity, reducing the risk of overfitting, where 
the model performs well on training data but poorly on 
unseen data [28]. 

We chose SVR for this study because of its effectiveness 
in handling high-dimensional data and its ability to model 
complex relationships between molecular descriptors 
and biological activity [29]. This makes SVR particularly 
suitable for tasks like QSAR modeling, where the 
relationship between chemical structure and activity may 
not always be straightforward or linear. To account for 
potential non-linearities in the structure-activity 
relationship, we used a non-linear kernel function in SVR, 
which allows the model to capture more complex 
patterns in the data. Compared to other machine 
learning algorithms, SVR was selected for its ability to 
deliver accurate predictions while maintaining 
robustness in the face of high-dimensional data and 
small training datasets, which are common in 
cheminformatics [30, 31]. 

The SVR algorithm aims to fit a function. 𝑓(𝑥) that has at 
most 𝜖 deviation from the actual target values for all 
training data points. Mathematically, the function 𝑓(𝑥) is 
expressed as a linear combination of kernel functions, as 
shown in Equation 1: 

𝑓(𝑥) = ∑(𝛼𝑖 − 𝛼𝑖
∗)𝐾(𝑥𝑖 , 𝑥)

𝑛

𝑖=1

+ 𝑏 (1) 

where 𝛼𝑖 and 𝛼𝑖
∗  are the Lagrange multipliers, 𝐾(𝑥𝑖 , 𝑥) 

represents the kernel function, xi are the input data 
points, and 𝑏 is the bias term. The kernel function 
𝐾(𝑥𝑖 , 𝑥) allows SVR to model nonlinear relationships by 
mapping the input data into a higher-dimensional feature 
space. 

In this study, we use the Radial Basis Function (RBF) 
kernel, widely used in SVR models for its ability to capture 
complex nonlinear patterns in the data effectively. The 
RBF kernel is defined as shown in Equation 2: 

𝐾(𝑥𝑖 , 𝑥) = exp (−𝛾||𝑥𝑖 − 𝑥||
2

) (2) 

where 𝛾 is a hyperparameter that determines the width 
of the kernel. The RBF kernel transforms the input data 
into a higher-dimensional space, making it suitable for 
modeling nonlinear relationships between molecular 
descriptors and biological activity. 

The SVR model minimizes the following objective 
function, as shown in Equation 3: 

1

2
|| 𝑤 ||2 + 𝐶 ∑ 𝑚𝑎𝑥(0, |𝑦𝑖 − 𝑓(𝑥𝑖)| − 𝜖)

𝑛

𝑖=1

 (3) 

where || 𝑤 ||2 represents the regularization term that 
penalizes model complexity, 𝐶 is a hyperparameter that 
controls the trade-off between model complexity and 
prediction accuracy, yi is the actual target value, and ϵ is 
the margin of tolerance. 

In this study, we employ SVR with the RBF kernel to model 
the relationship between molecular descriptors and the 
biological activity (pIC50 values) of BACE1 inhibitors. The 
hyperparameters of the SVR model, including 𝐶 and 𝛾, 
were optimized through grid search with 5-fold cross-
validation to ensure the best predictive performance [32, 
33]. The grid search explored the values of 𝐶 as [0.1, 1, 10, 
100] and gamma as ['scale', 'auto']. The 'scale' option for 
gamma sets the value based on the data's variance, while 
'auto' sets gamma based on the number of features. We 
set 𝜖 to 0.1 to control the margin of tolerance in the 
predictions. 

2.3. Performance Evaluation 
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The performance of the SVR model was evaluated using 
three key metrics: the coefficient of determination (R2), 
Root Mean Squared Error (RMSE), and Mean Absolute 
Error (MAE). These metrics assess the model's ability to 
predict the biological activity of BACE1 inhibitors. 

The R2 measures how well the predictions from the model 
capture the variance in the actual data. It indicates the 
proportion of the variance in the target variable 
explained by the model, with higher values (closer to 1) 
suggesting a better fit [34]. The RMSE quantifies the 
model’s prediction error by calculating the square root of 
the average squared differences between the predicted 
and actual values. RMSE is sensitive to large errors, 
making it useful for capturing the overall magnitude of 
the prediction error [35]. The MAE measures the average 
of the absolute differences between predicted and actual 
values. Unlike RMSE, MAE does not disproportionately 
penalize larger errors, providing a more straightforward 
interpretation of the prediction error [36]. The 
corresponding equations for these metrics are shown in 
Equations 4, 5, and 6, respectively: 

𝑅2 = 1 −
∑ (𝑦𝑖 − 𝑦𝑖̂)

2𝑛
𝑖=1

∑ (𝑦𝑖 − 𝑦̅)2𝑛
𝑖=1

 (4) 

 

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑(𝑦𝑖 − 𝑦𝑖̂)

2

𝑛

𝑖=1

 (5) 

 

𝑀𝐴𝐸 =
1

𝑛
∑|𝑦𝑖 − 𝑦𝑖̂|

𝑛

𝑖=1

 (6) 

where 𝑦𝑖  represents the actual values, yî are the 
predicted values, y̅ is the mean of the actual values, and 
𝑛 is the total number of compounds used in the dataset. 

3. Results and Discussion 

The SVR-based QSAR model for predicting BACE1 
inhibitory activity demonstrated strong performance 
across the training, cross-validation, and testing datasets. 
Table 1 summarizes the key performance metrics: R², 
RMSE, and MAE, which were used to evaluate the model's 
ability to generalize and predict the biological activity of 
potential inhibitors. 

On the training dataset, the model achieved an R² value 
of 0.911, indicating that 91.1% of the variance in BACE1 
inhibitory activity could be explained by the molecular 
descriptors selected for the QSAR model. The low RMSE 
(0.417) and MAE (0.209) values further reflect the model's 
ability to accurately fit the training data, suggesting that 

the SVR algorithm effectively captured the key 
relationships between chemical structure and biological 
activity. 

However, the decrease in model performance during 
cross-validation (R² = 0.689, RMSE = 0.779, MAE = 0.553) 
suggests that the model’s predictive power diminished 
when applied to unseen data. This decrease is typical in 
machine learning applications, where models tend to 
perform better on data they have been trained on than 
new, unobserved data. The cross-validation results 
highlight the trade-off between model complexity and 
generalization capability, indicating that while the model 
fits the training data well, it still faces challenges when 
extrapolating to new compounds. 

The testing set results were consistent with the cross-
validation findings, with an R² value of 0.690, RMSE of 
0.781, and MAE of 0.553. This stability between cross-
validation and testing suggests that the model is not 
significantly overfitted and can generalize reasonably 
well to new data. The similarity between these two results 
also reinforces the model's robustness in predicting the 
inhibitory activity of potential BACE1 inhibitors. 

The scatter plot (Figure 2a) displays the relationship 
between actual and predicted pIC50 values. The red 
diagonal line represents the ideal case where predictions 
match the actual values perfectly. The points scattered 
around this line indicate the model's prediction accuracy. 
Most data points are closely aligned with the line, 
suggesting good predictive performance, though there is 
some scatter, particularly for higher pIC50 values, 
indicating areas where the model struggled slightly. 

The residual plot (Figure 2b) shows the difference 
between predicted and actual values (residuals) plotted 
against predicted pIC50 values. The red horizontal line 
represents zero residual error. A symmetric spread of 
residuals around this line is visible, indicating no 
significant systematic bias in the model's predictions. 
However, some clusters of residuals suggest that 
predictions for compounds with certain activity levels 
might have larger errors, especially for lower or higher 
pIC50 values. Overall, these plots suggest that while the 
model performs well, there is room for improvement, 
particularly in predicting extreme values. 

The prediction error distribution of the SVR model on the 
testing set is illustrated in Figure 3. The histogram shows 
that the majority of prediction errors are centered 
around zero, with most errors falling between -1 and 1, 
indicating that the model's predictions are generally 
accurate and close to the actual values. There is a slight 
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Figure 2. Scatter plots showing: a) Actual vs. predicted values for the SVR model on the testing set, and b) residuals on the testing set. 
 

Table 1. Performance metrics for SVR model. 

Subset R2 RMSE MAE 
Training 0.911 0.417 0.209 
Cross Validation 0.689 0.779 0.553 
Testing 0.690 0.781 0.553 

 

Figure 3. Prediction error distribution for the SVR model on the 
testing set. 

skew towards negative errors, suggesting that the model 
may slightly underestimate the inhibitory activity for 
some compounds. The presence of a few outliers, both 
positive and negative, indicates that for a small number 
of cases, the model predictions deviate more significantly 
from the actual values. Overall, the distribution shows 

that the model's errors are concentrated within a narrow 
range, demonstrating good predictive performance. 

The QSAR model developed in this study holds potential 
for accelerating the discovery of BACE1 inhibitors. The 
model's ability to predict the inhibitory activity of 
compounds with reasonable accuracy means that 
researchers can prioritize the most promising candidates 
for synthesis and experimental validation.  

One of the key advantages of the SVR-based QSAR model 
is its efficiency in screening large chemical libraries. This 
model can be applied to thousands of compounds, 
allowing for the rapid prediction of BACE1 inhibitory 
potential. Traditional experimental methods, such as 
high-throughput screening (HTS), are resource-intensive 
and time-consuming. In contrast, the QSAR model can 
quickly identify promising compounds, enabling 
researchers to focus on the most likely candidates for 
further experimental testing. This accelerates the 
discovery process while also reducing associated costs. 

Additionally, the stratified sampling approach used in this 
study ensures that the model captures a wide range of 
chemical diversity. This allows the model to generalize 
across different molecular structures, an essential factor 
in drug discovery. Inhibitors with diverse chemical 
scaffolds are often needed to address challenges like 
drug resistance or poor pharmacokinetics. Ensuring that 
the model encompasses a broad chemical space can help 
researchers identify potent inhibitors that may have 
otherwise been overlooked due to structural novelty or 
complexity. 
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Despite its promise, several challenges remain in 
developing BACE1 inhibitors using computational 
models. First, while the QSAR model provides strong 
predictions, its ability to generalize to entirely novel 
chemotypes, particularly those that fall outside the 
chemical space of the training data, remains a concern. 
This issue highlights the need for continuous expansion 
of the dataset with diverse chemotypes, as well as further 
optimization of feature selection and descriptor 
calculation methods. Additionally, BACE1 inhibitor 
development must contend with issues such as blood-
brain barrier permeability and off-target effects. While 
the current QSAR model is focused on predicting BACE1 
inhibitory activity, future work could involve 
incorporating additional pharmacokinetic and 
pharmacodynamic properties into the model to enhance 
its utility in identifying drug-like candidates. 

4. Conclusions 

The SVR-based QSAR model developed in this study 
demonstrated strong predictive capability in estimating 
the inhibitory activity of BACE1 inhibitors, as evidenced 
by its performance on training, cross-validation, and 
testing datasets. While the model captured a substantial 
portion of the variance in pIC50 values, as shown by an R² 
of 0.690 on the testing set, some errors were observed, 
particularly in predicting higher and lower activity 
compounds. The residual analysis showed no significant 
bias, confirming the model's generalizability. Despite 
these promising results, there is room for improvement, 
particularly in refining the feature selection process and 
incorporating additional molecular descriptors to 
enhance predictive accuracy. This approach provides an 
efficient computational method for prioritizing potential 
drug candidates, potentially accelerating the drug 
discovery process for Alzheimer's disease therapeutics. 
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