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Abstract
Nasopharyngeal carcinoma (NPC), particularly prevalent in regions such as Malaysia, 
is a significant health concern often linked to Epstein-Barr virus (EBV) infection. The 
EBV nuclear antigen 1 (EBNA1), crucial for EBV survival and NPC tumorigenicity, 
has emerged as a potential therapeutic target for EBV-positive NPC. In this study, 
we utilized quantitative structure-activity relationship (QSAR) models to predict 
potential inhibitors of EBNA1. These models were developed based on the molecular 
fingerprints of known EBNA1 inhibitors, using both classification and regression 
approaches. Our QSAR classification models demonstrated consistently high 
precision, recall, F1 score, and accuracy scores across the training set. The top-
performing models, constructed using logistic regression algorithms, achieved 
perfect precision scores of 1.000 in the test set evaluation. These models’ recall, F1 
score, and accuracy scores were 0.571, 0.727, and 0.667, respectively. On the other 
hand, the best-performing model among the regression models was built using 
the sequential minimal optimization regression algorithm, achieving a correlation 
coefficient of 0.703. The mean absolute error and root mean square error of this QSAR 
regression model were 0.173 and 0.217, respectively, whereas the relative absolute 
error was 0.689. We screened the enamine advanced compound library using this 
regression model to predict compounds with potential EBNA1 inhibitory effects. This 
led to the identification of the top 10 compounds with the most promising predicted 
EBNA1 inhibitory properties.

Keywords: Epstein-Barr virus nuclear antigen 1; Nasopharyngeal carcinoma; Quantitative 
structure-activity relationship; Inhibitor; Machine learning; Compound screening

1. Introduction
The drug discovery process involves several stages, starting with the identification of 
disease targets and the search for small molecules that can modulate these targets. This 
often involves testing thousands to millions of compounds in various assays, with only a 
few progressing to animal testing and pre-clinical studies.1 Conclusively, developing new 
and effective drugs is tedious, requiring millions of dollars and spanning over a decade.2 
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While high-throughput screening can identify active 
compounds at low concentrations, it often produces a low 
hit rate or high false positives.3 This leads to a significant 
discrepancy between the number of hits identified and the 
number of viable lead compounds, which leads to wastage.

One way to negate this problem is using quantitative 
structure-activity relationship (QSAR) in drug discovery. 
QSAR is a ligand-based drug design method that uses 
mathematical models to correlate the chemical features of 
inhibitors to their bioactivity.4 QSAR models streamline 
drug discovery by predicting compound activity based 
on their structure and properties, allowing researchers to 
prioritize promising candidates. This targeted approach 
reduces the need for extensive testing, saving time, 
resources, and materials while accelerating the research 
process. It optimizes resource allocation and promotes 
sustainable research practices by focusing efforts on 
compounds with a higher likelihood of success.5 Another 
advantage is that QSAR aids in designing active molecules 
in a “greener” way by reducing the need for extensive 
experimental synthesis and testing on animals. A  study 
examined the toxicity of various ionic liquids (ILs), which 
have the potential to harm aquatic life. Their study utilized 
advanced QSAR techniques to develop reliable models for 
predicting IL toxicity without animal testing. Their QSAR 
models demonstrated high predictive accuracy, with 
classification models achieving over 86% accuracy and 
regression models showing a correlation (R2) >0.90 in the 
test data. These high-performance models provided strong 
predictions and pinpointed the structural elements of ILs 
contributing to their cytotoxicity. These QSAR models 
offer valuable tools for designing safer and environmentally 
friendly ILs.6 Notably, QSAR-based virtual screening has 
emerged as a pivotal approach in contemporary scientific 
investigations, facilitating the identification of potential 
drug candidates. QSAR has been used to design chalcone 
derivatives that outperform standard tuberculosis drugs, 
identify potent neuraminidase inhibitors for influenza A, 
identify potent inhibitors for 5-HT1A receptors for mood 
and anxiety disorders, and identify potential antimalarial 
activity in compounds that have low toxicity towards 
the mammalian cell.7-10 QSAR was also used to identify 
critical structural features enhancing the inhibitory effects 
of compounds against liver carcinoma cells in tumor-
targeting drug studies.11 In antipsychotic/antidepressant 
studies, QSAR models have aided in predicting the 
activities of natural compounds against specific receptors, 
offering potential alternatives to synthetic drugs.12 QSAR 
methodologies were also used to clarify physicochemical 
factors influencing the activity and cytotoxicity of 
compounds against human immunodeficiency viruses and 
influenza viruses in antiviral drug studies.13,14

Nasopharyngeal carcinoma (NPC) is strongly 
associated with Epstein-Barr virus (EBV). NPC typically 
affects individuals in their mid-40s and is more prevalent 
in men. It consistently exhibits EBV positivity, regardless 
of geographic location. Annually, NPC accounts for 
approximately 90,000  cases and 50,000 deaths recorded 
globally.15 Its distribution is unique, with Asian countries 
representing around 80% of documented cases and 
mortality rates. In Malaysia, NPC ranks as the fourth 
most common cancer among males.16 Among the Bidayuh 
community, part of Malaysia’s indigenous population, the 
risk of NPC is notably elevated, with men and women 
experiencing a 2.3-fold and 1.9-fold increase, respectively, 
compared to other populations during the same period.17 
NPC poses a significant health concern, among which EBV 
latent infection stands out as a prominent contributor.

EBV is a virus capable of infecting epithelial and B cells, 
facilitating its persistence within the host and transmission 
among humans. A  critical protein in maintaining viral 
stability and promoting viral gene expression is called 
the EBV nuclear antigen 1 (EBNA1). EBNA1 interacts 
with the oriP region of the EBV genome, forming dimers 
and complexes crucial for DNA looping and maintaining 
genome stability.18,19 In addition, EBNA1 recruits cellular 
proteins to facilitate DNA replication.20 EBNA1 binds to 
the Family of Repeats (FR) element during cell division, 
tethering EBV episomes to cellular chromosomes for proper 
segregation.21-23 EBNA1 also activates EBV gene transcription 
by interacting with the FR element, with specific regions 
within EBNA1 being crucial for this function.24 Moreover, 
EBNA1 affects several cellular signaling pathways in cell 
transformation and growth. It amplifies STAT1 signaling, 
enhances interferon responsiveness, and inhibits the 
transforming growth factor beta and nuclear factor kappa 
B pathways, ultimately promoting viral persistence and 
oncogenesis.25,26 EBNA1 also disrupts promyelocytic 
nuclear bodies, impairing DNA repair, p53 activation, and 
apoptosis in response to DNA damage.27 This disruption is 
mediated by interactions with cellular proteins ubiquitin-
specific-processing protease 7 (USP7) and casein kinase 2, 
leading to promyelocytic leukemia protein degradation.27-29 
EBNA1 interacts with USP7, stabilizing its binding and 
preventing p53 stabilization protease.30 Consequently, 
cells expressing EBNA1 exhibit reduced p53 accumulation 
upon DNA damage, facilitating cell survival and potentially 
contributing to tumorigenesis.27 EBNA1 expression also 
correlates with increased oxidative stress, characterized 
by elevated reactive oxygen species (ROS) levels and DNA 
damage. This phenomenon, mediated by the upregulation of 
ROS-generating enzyme NADPH oxidase 2 (NOX2), may 
promote genomic instability and tumor development.31,32
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Due to the involvement of EBNA1 in EBV’s persistence 
and oncogenesis, we decided to deploy QSAR modeling 
to identify inhibitors targeting EBNA1. At present, QSAR 
applications in search of EBNA1 inhibitors remain 
unexplored in the current scientific literature. To bridge this 
gap, our research aims to identify potential compounds with 
inhibitory activities against EBNA1 using our QSAR models.

2. Data and methods
2.1. Dataset preparation

We developed the QSAR models using the AID2381 
dataset obtained from a study by Gianti et al.33 into 
molecular descriptors and fingerprints. All the compounds 
in the dataset demonstrated inhibitory activity toward 
EBNA1 through in vitro studies. The compounds in the 
database were experimentally evaluated using fluorescence 
polarization assay and were shown to inhibit EBNA1 
selectively. First, we split the dataset into a training set and 
an external test set with a ratio of approximately 4:1. This 
yields a training set with 34 compounds and a test set with 
nine compounds. The compounds from these two datasets 
were then featured with chemical fingerprints using 
the PaDEL-Descriptor package. In total, 1024 chemical 
fingerprints were generated for each chemical compound in 
both datasets. After conversion into chemical fingerprints, 
we cleaned the dataset by removing empty rows and 
columns. In addition, we extracted the bioactivity of the 
ligands in pIC50 format.

2.2. Attribute selection

We constructed the QSAR models using the Waikato 
Environment of Knowledge Analysis (WEKA) package.34 
WEKA is a software consisting of an extensive collection 
of machine learning algorithms for data mining and 
exploration.35 Before model construction, we performed 
attribute selection to identify the most relevant features for 
the model construction.36 There are two parts to selecting 
the attributes: Attribute evaluation and search method. 
The attribute evaluation assesses each attribute related 
to the output variable within the dataset. We applied two 
methods of attribute evaluation: CfsSubsetEval (CFS) and 
ClassifierSubsetEval (CSE).

2.2.1. CFS

This method evaluates the worth of a subset of attributes by 
considering each feature’s predictive ability and the degree 
of redundancy between them. Subsets of features highly 
correlated with the class while having low intercorrelation 
are preferred.37 To select attributes, the attribute evaluator 
will employ a search method. The search method 
systematically explores various combinations of attributes 
within the dataset, aiming to identify a selection of preferred 

features. We used two search methods for CFS: Best first 
(BF) and greedy stepwise (GS). The BF method searches 
the attribute space by greedy hill climbing augmented with 
a backtracking facility, while the GS method performs a 
greedy forward or backward search through the space of 
attribute subsets.38,39

2.2.2. CSE

This method uses an algorithm to estimate the “merit” 
of attributes.37 We used several algorithms for CSE to 
select the top attributes. For classification modeling, we 
employed algorithms Naïve Bayes (NB), instance-based 
learner (IBK), J48 Decision Tree (J48), random forest (RF), 
and logistic regression (LR). For regression modeling, 
we used linear regression (LRE), simple linear regression 
(SLR), sequential minimal optimization (SMO) regression, 
IBK, and RF algorithms. We also employed search methods 
BF and GS for CSE. For better visualization, we show the 
attribute selection process in this study (Figure 1).

2.3. Classification QSAR model

After the attribute selection process, we built the 
classification models using the NB, IBK, J48, RF, and LR 
algorithms.

2.3.1. Evaluation metrics for classification

The performance of the classification model was evaluated 
using standard metrics, including precision, recall, F1 
score, and accuracy. Precision is a metric that evaluates the 
accuracy of correct predictions. It is calculated by dividing 
the number of accurate positive predictions by the total 
number of positive predictions.40

Precision TP
TP FP

�
�

� (I)

where TP is true positive, and FP is false positive.

The recall metric measures the number of actual 
observations predicted correctly. It is determined by 
dividing the number of correct positive predictions by the 
total number of actual positive instances.40

Recall TP
TP FN

�
�

� (II)

where TP is true positive, and FN is false negative.

F1 score is a metric that calculates the harmonic 
mean between precision and recall. The formula of F1 
score, which provides a balanced measure of a model’s 
performance, is given as follows:

F score precision recall
precision recall

1 2
�

� �
�

� (III)
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Accuracy is the sum of two accurate predictions divided 
by the total number of data sets. It measures how often 
the classifier makes the correct prediction. It is the ratio 
between the number of correct predictions and the total 
number of forecasts.40 We can calculate accuracy using the 
formula below.

Accuracy TP TN
TP TN FP FN

�
�

� � �
� (IV)

where TP is true positive, TN is true negative, FP is false 
positive, and FN is false negative.

These four evaluation classification metrics can provide 
a comprehensive understanding of the performance of the 
classification QSAR models.

2.4. Regression QSAR model

After the attribute selection process, we built the QSAR 
regression models using LRE, SLR, SMO regression, IBK, 
and RF algorithms.

2.4.1. Evaluation metrics for regression

We assessed the regression QSAR models’ performance 
using correlation coefficient (r), mean absolute error 
(MAE), root mean squared error (RMSE), and relative 
absolute error (RAE) scores. The R score is a statistical 
measure of the strength of a linear relationship between 
two variables. The value of r ranges from −1 to 1. 
A negative score indicates an inverse correlation between 
the variables, whereas a positive score means the variables 

have a positive correlation.41 Meanwhile, an r value close 
to 0 indicates a very weak or no linear correlation between 
the variables.41 r is calculated as below.]

r
x x y y

x x * y y

i i

i i

�
�� � �� ��� ��

�� � �� �
�
� �

2 2
� (V)

where: xi: each individual x value; x : mean of all x 
values; yi: each individual y value; y : mean of all y values

MAE score is calculated as the average of the absolute 
error values between the observed and predicted values. 
The score ranges from 1 being perfect to 0 being wrong.42 
MAE is calculated as below.

MAE
n

y y
i

n

i i� �
�
�1

1

˘ �
�

(VI)

wheren represents the number of predictions; yi 
represents the observed values; and i ̂y  represents the 
predicted values.

RMSE is the squared root of the mean of all the errors, 
which describes the prediction magnitude error.43 The 
scores range from 1 to 0, with lower scores preferred. RAE 
is determined by dividing the sum of absolute errors by the 
absolute difference between the mean and the actual value. 
The equation for RMSE is given in the following.

( )n 2
i ii 1

y y
RMSE

n

ˆ
=

−
= ∑

�
(VII)

Figure 1. Quantitative structure-activity relationship model process 
Abbreviations: IBK: Instance-based learner; SMO: Sequential minimal optimization.
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wheren represents the number of predictions; yi 
represents the observed values; and iŷ  represents the 
predicted values.

RAE serves as a measure to assess the performance of a 
predictive model and is represented as a ratio. Lower RAE 
scores indicate a more effective mode.44 The equation for 
calculating RAE is as follows.

n

i ii 1
n

ii 1

ˆy y
RAE

y y
=

=

−
=

−

∑
∑ �

(VIII)

where

y
n

y
i

n

i�
�
�1

1

� (IX)

where n represents the number of observations; yi 
represents the observed value; and y  represents the 
average of observed values.

These four assessment regression metrics offer a 
thorough perspective on the performance of regression 
QSAR models.

2.5. Model deployment

After constructing the QSAR models, we validated all 
our models using the external test set. The chosen model 
was then deployed on the enamine advanced compound 
library. The enamine advanced compound library was 
similarly featurized with chemical fingerprints using the 
PaDEL-Descriptor package.

3. Results
3.1. Classification QSAR models

Our study yielded the following results for classification-
based machine learning models (Table  1). CFS-LR-BF 
and CFS-LR-GS models exhibited precision scores of 
1.000, recall scores of 0.952, F1 scores of 0.976, and 
accuracy scores of 0.976. In addition, the CFS-NB-BF and 
CFS-NB-GS models had precision, recall, and F1 scores all 
at 0.952 and accuracy scores at 0.953. The CSE-J48-LR-BF 
model achieved a precision score of 0.955, a recall score of 

1.000, an F1 score of 0.977, and an accuracy score of 0.976. 
Meanwhile, the CSE-J48-IBK-BF model demonstrated a 
precision score of 0.952, a recall score of 0.952, an F1 score 
of 0.952, and an accuracy score of 0.953. We visualized the 
performance of these models using a confusion matrix 
(Figure 2).

We evaluated our models using an external test set 
comprising eight compounds (Table  2). The CFS-LR-BF 
and CFS-LR-GS QSAR classification models demonstrated 
precision scores of 1.000 and recall scores of 0.571. Both 
models achieved F1 scores of 0.727 and accuracy scores of 
0.667. The CFS-NB-BF and CFS-NB-GS models exhibited 
precision scores of 1.000 and recall scores of 0.429. Both 
models achieved F1 scores of 0.600 and accuracy scores of 
0.556. Finally, the CSE-J48-LR-BF and CSE-J48-IBK-BF 
models demonstrated precision scores of 1.000, with 
recall scores of 0.429. Both models achieved F1 scores of 
0.600 and accuracy scores of 0.556. We also presented the 
results of the test set evaluation using a series of confusion 
matrices (Figure 3). These visual representations show the 
models’ performance in classifying active and inactive 
compounds.

3.2. Regression QSAR models

For regression-based models, we obtained the following 
results. For the training set of CSE-LRE-BF-SMO and CSE-
LRE-GS-SMO, both models achieved R scores of 0.992. 
Both models had MAE values of 0.029 and RMSE values 
of 0.037. The RAE values for both models were 0.118. For 
the training set of the CSE-SMO-BF-LRE and CSE-SMO-
GS-LRE QSAR regression models, both models achieved R 
scores of 0.999. Both models had MAE values of 0.004 and 
RMSE values of 0.005. The RAE values for both models 
were 0.014. Regarding the training set results for the CSE-
SMO-BF-SMO and CSE-SMO-GS-SMO QSAR regression 
models, we observed that both models achieved R scores 
of 0.999. Both models achieved MAE values of 0.008 and 
RMSE values of 0.010. The RAE values for both models 
were 0.032. We plotted the graphs of experimental pIC50 
versus predicted pIC50 of the compounds in the training 
set (Figure 4). Consecutively, we evaluated the models on 
a test set to determine the predictive power of each model.

Table 1. Score for evaluation metric for the training set

CFS‑LR‑BF CFS‑LR‑GS CFS‑NB‑BF CFS‑NB‑GS CSE‑J48‑LR‑BF CSE‑J48‑IBK‑BF

Precision 1.000 1.000 0.952 0.952 0.955 0.952

Recall 0.952 0.952 0.952 0.952 1.000 0.952

F1 score 0.976 0.976 0.952 0.952 0.977 0.952

Accuracy 0.976 0.976 0.953 0.953 0.976 0.953

Abbreviations: BF: Best first; CFS: CfsSubsetEval; CSE: ClassifierSubsetEval; GS: Greedy stepwise; IBK: Instance‑based learner; J48: J48 Decision Tree; 
LR: Logistic regression; NB: Naïve Bayes.
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For our external test set results, we observed that the 
CSE-LRE-BF-SMO and CSE-LRE-GS-SMO achieved R 
scores of 0.703 and 0.705, respectively. The MAE and RMSE 
values for both models were 0.173 and 0.217, respectively. 
Meanwhile, the RAE values for both models were 0.688 
and 0.686, respectively. Both the CSE-SMO-BF-LRE and 
CSE-SMO-GS-LRE QSAR regression models achieved an 
R score of 0.703 in the test set. The MAE and RMSE values 
were 0.173 and 0.217, respectively. The RAE values for 
both models were 0.689. Moving on to the CSE-SMO-BF-
SMO and CSE-SMO-GS-SMO QSAR regression models, 
both models achieved an R score of 0.703 in the test set. 
The MAE values for both models were 0.173 whereas the 
RMSE values for both models were 0.217. The RAE values 
for both models were 0.689. The outcomes of the test set 
evaluation are depicted through a table summarizing the 
different evaluation metrics (Table  3) and plots of actual 
pIC50 versus predicted pIC50 (Figure 5).

3.3. Deployment of model

Given that our target variable is the pIC50 of compounds, 
we decided to employ a modeling approach that provides 
numerical outcomes, namely the regression algorithm. 
Therefore, we chose to deploy the CSE-SMO-BF-LRE model 
on the enamine advanced library to predict their inhibitory 
activities against EBNA1. After the enamine advanced 
library compounds were featured with chemical fingerprints, 
we predicted their pIC50 against EBNA1 using the chosen 
regression model. The structures of the top 10 compounds 
are shown in Figure 6. Future work would involve purchasing 
these ten compounds for experimental validation.

4. Discussion
4.1. Classification QSAR models

We assessed our classification QSAR models’ performance 
using four key metrics: Precision, recall, F1 score, and 

Table 2. Score for evaluation metric for the test set

CFS‑LR‑BF CFS‑LR‑GS CFS‑NB‑BF CFS‑NB‑GS CSE‑J48‑LR‑BF CSE‑J48‑IBK‑BF

Precision 1.000 1.000 1.000 1.000 1.000 1.000

Recall 0.571 0.571 0.429 0.429 0.429 0.429

F1 score 0.727 0.727 0.600 0.600 0.600 0.600

Accuracy 0.667 0.667 0.556 0.556 0.556 0.556

Abbreviations: BF: Best first; CFS: CfsSubsetEval; CSE: ClassifierSubsetEval; GS: Greedy stepwise; IBK: Instance‑based learner; J48: J48 Decision Tree; 
LR: Logistic regression; NB: Naïve Bayes.

Figure 2. Confusion matrix for the training set results of (A) CFS-LR-BF, (B) CFS-LR-GF, (C) CSE-J48-BF-LR, (D) CFS-NB-BF, (E) CFS-NB-GS, and (F) 
CSE-J48-BF-IBK
Abbreviations: BF: Best first; CFS: CfsSubsetEval; CSE: ClassifierSubsetEval; GS: Greedy stepwise; IBK: Instance-based learner; J48: J48 Decision Tree; LR: 
Logistic regression; NB: Naïve Bayes.

B C

D E F

A
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Table 3. Score for evaluation metric for the test set

CSE‑LRE‑BF‑SMO CSE‑LRE‑GS‑SMO CSE‑SMO‑BF‑LRE CSE‑SMO‑GS‑LRE CSE‑SMO‑BF‑SMO CSE‑SMO‑GS‑SMO

R 0.703 0.705 0.703 0.703 0.703 0.703

MAE 0.173 0.172 0.173 0.173 0.173 0.173

RMSE 0.217 0.217 0.217 0.217 0.217 0.217

RAE 0.688 0.686 0.689 0.689 0.689 0.689

Abbreviations: BF: Best first; CSE: ClassifierSubsetEval; GS: Greedy stepwise; LRE: Linear regression; MAE: Mean absolute error; R: Correlation 
coefficient; RAE: Relative absolute error; RMSE: Root mean squared error; SMO: Sequential minimal optimization.

Figure 3. Confusion matrix for the test set results of (A) CFS-LR-BF, (B) CFS-LR-GF, (C) CSE-J48-BF-LR, (D) CFS-NB-BF, (E) CFS-NB-GS, and (F) 
CSE-J48-BF-IBK
Abbreviations: BF: Best first; CFS: CfsSubsetEval; CSE: ClassifierSubsetEval; GS: Greedy stepwise; IBK: Instance-based learner; J48: J48 Decision Tree; LR: 
Logistic regression; NB: Naïve Bayes.

B C

D E F

A

Figure 4. Graphical representation for the training set result for (A) CSE-LRE-BF-SMO, (B) CSE-LRE-GS-SMO, (C) CSE-SMO-BF-LRE, (D) CSE-SMO-
GS-LRE, (E) CSE-SMO-BF-SMO, and (F) CSE-SMO-GS-SMO
Abbreviations: BF: Best first; CSE: ClassifierSubsetEval; GS: Greedy stepwise; LRE: Linear regression; SMO: Sequential minimal optimization.

B C

D E F

A
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accuracy. Our results highlighted two top-performing 
classification models, CFS-LR-BF and CFS-LR-GS. Both 
models exhibited high precision, recall, F1, and accuracy 
scores. In addition, the rest of the classification models also 
demonstrated strong performance (Figure 2). Our results 
showed that all six models accurately and successfully 
classified active and inactive compounds in the training 
set. During the external test set evaluation (Table 2), the 
CFS-LR-BF and CFS-LR-GS QSAR classification models 
demonstrated perfect precision scores of 1.000, indicating 
their precision in classifying a compound as active. However, 
their recall scores were moderate at 0.571, suggesting some 
active compounds might have been missed. Both models 
achieved F1 scores of 0.727 and accuracy scores of 0.667, 
indicating a balanced performance. The CFS-NB-BF 
and CFS-NB-GS models also exhibited perfect precision 
scores of 1.000, but their recall scores were lower at 0.429. 
Both models achieved consistent F1 scores of 0.600 and 
accuracy scores of 0.556. Finally, the CSE-J48-LR-BF and 
CSE-J48-IBK-BF models demonstrated perfect precision 
scores of 1.000, with moderately low recall scores of 0.429. 
Both models achieved consistent F1 scores of 0.600 and 
accuracy scores of 0.556. The consistently high precision 
scores across all models indicate their ability to identify 

active compounds correctly. However, the variability 
in recall scores suggests differences in their abilities to 
capture all true positive instances. While the models excel 
in minimizing false positive predictions, they may have 
limitations in identifying all active compounds in the 
dataset. Considering the scores of all models, we suggest 
that CFS-LR-BF and CFS-LR-GS are the top QSAR models 
for classification tasks.

4.2. Regression QSAR models

The performance of our regression-based QSAR models 
was evaluated using several key metrics: The correlation 
coefficient (R), MAE, RMSE, and RAE (Table 4). Based on 
the training set scores for the QSAR regression models, all 
models achieved high R scores with low MAE and RMSE 
values. Consequently, all the regression QSAR models 
demonstrated excellent predictive performance, with 
high correlation, low error rates, and minimal relative 
error in the training set. However, a good model cannot 
be determined solely by good scores on the training set. 
Therefore, we also evaluated the models on a test set to 
determine the predictive power of each model. Based on 
our external test set results, we observed that the CSE-LRE-
BF-SMO and CSE-LRE-GS-SMO regression QSAR models 

Table 4. Score for evaluation metric for the training set

CSE‑LRE‑BF‑SMO CSE‑LRE‑GS‑SMO CSE‑SMO‑BF‑LRE CSE‑SMO‑GS‑LRE CSE‑SMO‑BF‑SMO CSE‑SMO‑GS‑SMO

R 0.992 0.992 0.999 0.999 0.999 0.999

MAE 0.029 0.029 0.004 0.004 0.008 0.008

RMSE 0.037 0.037 0.005 0.005 0.010 0.010

RAE 0.118 0.118 0.014 0.014 0.032 0.032

Abbreviations: BF: Best first; CSE: ClassifierSubsetEval; GS: Greedy stepwise; LRE: Linear regression; MAE: Mean absolute error; R: Correlation 
coefficient; RAE: Relative absolute error; RMSE: Root mean squared error; SMO: Sequential minimal optimization.

Figure 5. Graphical representation for the test set result for (A) CSE-LRE-BF-SMO, (B) CSE-LRE-GS-SMO, (C) CSE-SMO-BF-LRE, (D) CSE-SMO-GS-LRE, 
(E) CSE-SMO-BF-SMO, and (F) CSE-SMO-GS-SMO
Abbreviations: BF: Best first; CSE: ClassifierSubsetEval; GS: Greedy stepwise; LRE: Linear regression; SMO: Sequential minimal optimization.
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performed the best. Both models achieved R scores of 0.703 
and 0.705, respectively. The MAE and RMSE values for 
both models were low, with MAE values of 0.173 and RMSE 
values of 0.217. These error values suggest that the models’ 
predictions deviate from the actual values by a small 
amount.45 Meanwhile, the RAE values for both models were 
moderate, with values of 0.688 and 0.686, respectively. The 
RAE scores suggest that the models’ predictions deviate 
from the actual values by a moderate percentage relative 
to the scale of the target variable. For the CSE-SMO-BF-
LRE and CSE-SMO-GS-LRE regression QSAR models, 
both models achieved an R score of 0.703 in the test set. 
The MAE and RMSE values for both models were low, 
with MAE values of 0.173 and RMSE values of 0.217. The 
RAE values for both models were also moderate, at 0.689. 
Moving on to the CSE-SMO-BF-SMO and CSE-SMO-GS-

SMO regression QSAR models, both models achieved an R 
score of 0.703 in the test set. The MAE and RMSE values for 
both models were low, with MAE values of 0.173 and RMSE 
values of 0.217. The RAE values for both models were also 
moderate, at 0.689. The outcomes of the test set evaluation 
are depicted through a table summarizing the different 
evaluation metrics (Table 3) and plots of actual pIC50 versus 
predicted pIC50 (Figure 5).

5. Conclusion
This study highlights the potential of QSAR modeling in 
identifying candidate compounds for inhibiting EBNA1, a 
key target in addressing EBV-associated diseases such as 
NPC. Our findings demonstrated that QSAR classification 
models, particularly CFS-LR-BF and CFS-LR-GS, exhibit 
strong precision, albeit with moderate recall. This suggests 

Figure 6. Two-dimensional chemical structures of chosen compounds generated using MarvinSketch 23.12
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their effectiveness in identifying active compounds while 
minimizing false positives. Despite the moderate recall, 
their balanced F1 scores and moderate accuracy indicate 
good performance. Similarly, the CSE-SMO-BF-LRE 
QSAR model captured the relationship between compound 
bioactivity and chemical fingerprints. Using QSAR for our 
drug screening process optimized resource allocation and 
reduced the need for extensive experimental synthesis, 
aligning with sustainable research practices. Furthermore, 
our QSAR-based screening of the Enamine Advanced 
compound library predicted the top 10 compounds 
with potential inhibitory effects against EBNA1. Further 
experimental validation of these predicted inhibitors is 
needed to confirm their efficacy and safety, paving the 
way for potential therapeutic interventions against EBV-
positive NPC.
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